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IN CHALLENGING CASES OF LOCALLY-ADVANCED NON-SMALL CELL LUNG
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Virginia Commonwealth University, 2017.
Major Director: Dr. Geoffrey D. Hugo
Associate Professor, Medical Physics
Director, Medical Physics Graduate Program
Department of Radiation Oncology
A common co-pathology of large lung tumors located near the central airways is collapse
of portions of lung due to blockage of airflow by the tumor. Not only does the lung volume
decrease as collapse occurs, but fluid from capillaries also fills the space no longer occupied by
air, greatly altering tissue appearance. During radiotherapy, typically administered to the patient
over multiple weeks, the tumor can dramatically shrink in response to the treatment, restoring
airflow to the lung sections which were collapsed when therapy began. While return of normal
lung function is a positive development, the change in anatomy presents problems for future
radiation sessions since the treatment was planned on lung geometry which is no longer accurate.
The treatment must be adapted to the new lung state so that the radiation continues to accurately
target the tumor while safely avoiding healthy tissue. However, to account for the dose delivered

previously, correspondences of anatomy between the former

image when the lung was

collapsed and the re-expanded lung in a current image must be obtained. This process, known as
deformable image registration, is performed by registration software.
Most registration algorithms assume that identical anatomy is contained in the images
and that intensities of corresponding image elements are similar; both assumptions are untrue
when collapsed lung re-expands. This work

was to develop an algorithm which

accurately registers images in the presence of lung expansion. The lung registration method
matched CT images of patients aided by vessel enhancement and information of individual lobe
boundaries. The algorithm was tested on eighteen patients with lung collapse using physicianspecified correspondences to measure registration error. The image registration algorithm
developed in this work which was designed for challenging lung patients resulted in accuracy
comparable to that of other methods when large lung changes are absent.

1. Introduction

In the information age, the amount and quality of medical data physicians have at their
disposal is ever-increasing, with great potential for expanding knowledge of disease and
improving efficacy in patients. Advanced imaging techniques across multiple modalities can
provide a detailed description and precise localization of disease, particularly in the field of
radiation oncology. When treating cancerous lesions with ionizing radiation, multiple images
containing unique and vital information can be acquired of a patient during the treatment process.
Helical computed tomography (CT) images, for instance, provide tissue density information
critical for radiation dose calculation during treatment planning but have insufficient contrast to
adequately differentiate tumor from healthy tissue in many sites throughout the body. Positron
emission tomography (PET) studies aid the oncologist in determining tumor location and degree
of disease spread throughout the body by revealing groups of cells with highly active metabolism,
characteristic of tumor cells, but have relatively poor resolution. Magnetic resonance imaging
(MRI) scans provide superior soft tissue contrast and spatial resolution, enhancing accuracy of
organ delineation and potentially reducing radiation dose to the non-cancerous tissue, but lack
density information required for treatment planning. Therefore, combining information from
different image acquisitions is crucial to exploit the advantages each modality provides.
Image registration, the process of mapping analogous points between two images via a
transformation of one of the images to match the other, is required to merge the information
contained within a pair of medical scans in a quantitative way. For example, to display PET
results on the well-defined anatomy in a CT scan, the images must be correctly aligned to
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correlate the information in each. Scans acquired at different time points during treatment can be
registered to enable applications such as response assessment and dose accumulation.
Registration can also save considerable time for the radiation oncologist by automatically
creating organ delineations. An image needing organ contours can be registered to a scan in
which contours are already drawn, either an atlas image containing standard anatomy or an
earlier scan of the same patient, and the contours can be deformed to the scan in which they are
needed using the resulting transformation. A wide variety of registration algorithms are available,
though care must be taken in selecting an appropriate method as not all will be successful at a
given registration task.
The most simplistic registration technique involves rigidly transforming an entire image
by a single displacement and rotation to bring patient anatomy contained in both images into
alignment. This method is used routinely to position radiotherapy patients before each treatment
fraction by registering the image of that day to the image in the treatment plan in order to align
the target, i.e. tumor, and minimize patient setup error. Rigid registration has the advantages of
computational efficiency, reliability, and the option for an operator to perform the match
manually. However, distances between structures in the image remain unchanged under rotation
and translation. This presents an issue when non-rigid deformations occur.
Deformable image registration (DIR), by allowing the transformation to vary in
magnitude and direction among regions of an image, can account for differences such as
compression and stretching of tissue. Common instances requiring DIR in radiation oncology
include the presence of respiratory motion of the lung and diaphragm, flexing of the neck and
spine, and compression of tissue adjacent to hollow organ filling such as the bladder and rectum.
Accounting for local deformations requires the transformation to have many more degrees of
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freedom, enabling accurate registration at most, if not all, locations. However, DIR models
prohibit the registrations from being performed manually by an operator and demand
considerable computational resources.
While more and more radiotherapy equipment vendors build DIR into their software
suites, there remain several challenges to fully-automatic DIR algorithms which have limited
their use in the radiotherapy workflow. Most medical registration techniques were designed to
perform accurately under the assumption that anatomy is consistent between scans. When this
precondition is not met, and inconsistencies are present between two scans, current DIR
algorithms perform poorly or fail outright making potentially beneficial treatment strategies such
as adaptive radiotherapy unavailable to the patient.
This dissertation focuses on the problem of thoracic deformable image registration for
cases in which the underlying anatomy being registered undergoes non-uniform deformation,
specifically for challenging lung cases where the deformations are large and anatomy is
inconsistent in appearance. In the following sections, the clinical aspects of radiotherapy are
presented with emphasis on the role of image registration. The basics of DIR are summarized,
and the limitations of current state-of-the-art techniques are discussed and followed by a
description of how the current work aims to address these short-comings. An overview of the
specific aims of this dissertation concludes this section.
1.1 Lung Cancer and Radiation Therapy
Cancer is the second-leading cause of death in the United States with over 600,920
expected mortalities in 2017, about 25% of which being attributed to lung cancer1. Depending on
the stage and type of the cancer, treatment options may include surgery, chemotherapy, radiation
therapy, immunotherapy, and/or targeted therapy. A tumor can be completely removed via
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surgery granted the cancer has not spread elsewhere in the body, but surgical candidates are
limited to cases where the cancer is detected early and the patient is healthy enough for the
procedure. The most prevalent form of lung cancer, comprising 84% of all cases, is non-small
cell lung cancer (NSCLC) which is typically treated with a combination of chemotherapy and
radiation when the tumor is locally-advanced. While early stage lung cancers have relatively
good patient outcomes, locally advanced and late stage NSCLCs have decreased survival rates1.
Many NSCLC cases are inoperable because of large tumor size and must be treated with
radiation and/or chemotherapy. Only 56% of inoperable patients live beyond 1 year after
combined radiation and chemotherapy, or chemoradiotherapy2. While outcomes remain poor for
these patients, radiation therapy, in combination with chemotherapy, offers promise when
surgery is no longer an option.
The goal of radiotherapy is to destroy cells which are dividing uncontrollably by
damaging their DNA via ionizing radiation and interrupting the cell cycle. Ionizing radiation
used for lung cancer treatments is produced electronically by machines. High-energy photons
and/or charged particles are directed at the tumor cells within which they deposit their energy.
Therapeutic-energy photons indirectly cause DNA damage by producing charged particles when
interacting with tissue. These charged particles go on to directly deposit their energy as they
travel through tissue causing ionization of molecules and breaking chemical bonds. Charged
particles, rather than photons, can also be used as the primary radiation beam such as electrons in
linear accelerators or protons currently produced by much-larger machines called cyclotrons.
Radiation dose, or the energy deposited per unit tissue mass, is quantified in units of gray (Gy)
where 1 Gy = 1 J/kg. As the majority of a cell is composed of water, ionizing radiation dose
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often results in the production of free radicals, namely hydroxyl radicals, which cause DNA
breaks when produced close to the double helix structure.
While healthy tissue must often be traversed to reach the tumor and receives radiation
dose, the efficacy of radiotherapy stems from the decreased ability of tumor cells to repair DNA
damage compared to their non-cancerous counterparts. Another important factor in radiotherapy
effectiveness is the cell-cycle distribution of cells. At any given point, only a fraction of cells are
actively dividing. Certain phases of cell cycle are resistant to radiation damage while others lead
to heightened sensitivity. Rather than delivering all dose at once, treatments are usually
fractionated, or split into multiple deliveries, both to reduce the likelihood of cells being in radioresistant phases of replication but also to allow healthy tissue time to repair damage from
previous deliveries.
The previously mentioned radiobiological effects, in addition with logistical and
historical considerations, have resulted in radiotherapy treatments being delivered in multiple
fractions. The most common dose per fraction has been 2 Gy, but advances in the ability to
localize and target lesions have enabled the rise of hypo-fractionated treatments where the entire
treatment course is delivered in one to five sessions. Regardless of the fractionation scheme, the
workflow for most treatments involves the same procedures.
When the physician and patient decide on a treatment method which includes
radiotherapy, images of the patient must be acquired so that the radiation course can be planned.
A few weeks prior to treatment, an image is taken of the patient in the treatment position, which
which are later used for daily

is usually a CT scan

patient alignment. Using the planning image, physicians outline the tumor and any nearby
healthy organs that should be avoided by radiation.
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The tracing of structures within a

of the underlying structures for all critical organs. Specifying the location of organs allows that
information to be used during treatment plan creation. Factors which affect delineation accuracy
include image contrast, anatomical location, presence of additional pathology, and experience of
the observer. Additional imaging may be done to aid the physician in accurately locating and
drawing the tumor. Then, the radiation delivery is planned, and dose to the tumor and healthy
tissue is computed based on the

anatomical and density information contained in the CT

scan.
Standard radiation treatment for locally-advanced NSCLC involves delivering 60-70 Gy
of dose to the target via photons of an energy between 4 and 10 MV while limiting radiation
given to the healthy tissue3. A treatment plan to deliver the prescribed dose is created using one
of the various treatment planning systems commercially available. The planning process involves
the selection and optimization of radiation beams to ensure the entire tumor receives the
prescription while also assuring healthy tissue dose is within safe limits. Whereas historical
treatments utilized a small number of beams with large open fields, or beam areas, modern
treatments tend to deliver dose via a large number of beams with small, complex fields. The
shapes of fields in modern treatment plans are determined automatically by the plan optimization
algorithm in order to meet the dose constraints of the tumor and healthy tissue. The treatment
course can begin once a plan is created, approved by the radiation oncologist, and passes quality
assurance checks. In addition to radiation, chemotherapy drugs can be given before or
interspersed between radiation fractions. This means that the entire treatment course can span six
to eight weeks.

6

The patient is aligned at the start of each fraction based on the skin markings placed at
the time of imaging. By aligning the patient to marking made during the initial CT scan, the
current position of the tumor should match the tumor of the treatment plan, though it is
increasingly more likely that the target has shifted from its original position as the treatment
course progresses. Further positioning adjustments can be made on a daily basis before each
fraction, accounting for shifts in tumor position, often using a lower-quality CT imaging device
attached the treatment machine. Even though positional adjustments can be made throughout
treatment, patient anatomy is not likely to remain static over the course of multiple weeks and
may become significantly different than what was planned upon. This can present a major issue
with localization accuracy of the radiation target and, therefore, the success or failure of
treatment.
1.2 Large Geometric Changes
The most commonly seen tissue change during locally advanced lung cancer treatment is
shrinking of the tumor, referred to as tumor regression, which is caused by the chemotherapy
drugs and radiation successfully killing many of the cancer cells. Substantial regression of the
visible tumor, sometimes greater than 80% of the total volume, has been observed in patients
treated with radiotherapy just a few weeks after the start of treatment4. Figure 1.1 shows an
example of significant tumor regression observed over the course of five weeks of radiation
therapy. Combining chemotherapy with radiation has been reported to cause tumor volume
decreases of 6% on average, and up to 50% for some patients, one-third of the way into the
radiation treatment; larger reductions occurred when chemo was delivered prior to the start of
radiation as opposed to concurrently5. Additional studies have similarly reported average tumor
volume reductions of 24.7% halfway through treatment and 44.3% by the end of treatment6.
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While tumor regression appears as a gradual, continuous change in tumor volume, ranging from
0.6% to 2.4% shrinkage per day7, 8, there are other pathologies which cause much more dramatic
and sudden changes to anatomy.

Figure 1.1 Example of tumor regression. A locally-advanced NSCLC patient experiencing significant tumor regression in
response to radiation therapy between (A) week 1 and (B) week 6 of treatment. The tumor is outlined in red.

For centrally located NSCLC tumors, atelectasis, the collapse of lung tissue due to lack of
air flow, is a common co-pathology which induces large positional changes9. As the tumor grows,
the central airways can become constricted or obstructed, inducing a collapse of the portion of
the lung no longer receiving air. Atelectasis can range from complete collapse, affecting an entire
lung, to partial collapse, affecting only a portion of a lobe; due to the 5-lobed structure of the
lung, with three right lobes and two left lobes, and nature of the pathology, collapse is often
classified on a lobe-wise basis10, 11. In CT images, this pathology appears as a consolidation of
affected lung tissue into a smaller region of uniform, high intensity (Figure 1.2). Often, the tumor
is located within or adjacent to the collapsed lung at the time of treatment planning and is often
indistinguishable, making it difficult for the physician to accurately draw the tumor boundaries
without the aid of additional imaging techniques such as positron emission tomography (PET)
8

(Figure 1.2(a))12. As the tumor regresses in response to the radiation, the airways may open again
and fully or partially re-aerate the atelectatic lung (Figure 1.2 (b)). This causes significant change
to the treatment anatomy and possible positional shifts in the tumor8. Resolution of the nontumor pathology may reveal errors in original tumor delineations (e.g. over- or under-estimation
of tumor extent). Since such large geometric changes are easily detectable, even on lower-quality
daily images4, and since the new patient anatomy is markedly different from what was present at
the start of treatment, atelectasis appearance/resolution in conjunction with tumor regression is
considered a prime instance in which the original treatment plan should be modified and
updated6, 13 15. The process of adjusting the radiation treatment plan during the treatment course
in response to observed changes is referred to as adaptive radiotherapy (ART) and is currently an
area of active research.

Figure 1.2 Example of atelectasis resolution (a) Significant atelectasis (yellow) at the start of treatment surrounds the
tumor (red). (b) After about one month, only a small volume of atelectasis (yellow) remains while most of the collapse has
returned to healthy lung (green), revealing the shrunken tumor.

1.3 Adaptive Radiotherapy
Numerous groups are now investigating strategies for altering treatment plans between
le
behind ART is, by creating a new treatment plan in which treatment fields are reduced
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concurrently with tumor shrinkage and adjusted according to geometric changes, normal tissue
will be further spared from harm, enabling higher doses to be delivered to the target which have
been linked to better outcomes in patients7. Plan adaptation can be as simple as acquiring a new
CT scan of the patient mid-way through treatment after a dramatic change is observed and
optimizing the treatment plan to accommodate the new anatomy. More complex adaptation
strategies have also been investigated with varying replanning frequencies16.
For NSCLC, a method which has been considered is a simultaneous integrated boost
where dose to the original tumor volume is delivered throughout treatment, but additional dose is
given to the shrinking tumor, all while keeping dose to surrounding healthy tissue within safe
limits17. In all cases of ART, replanning benefits from dose accumulation, where the radiation
dose delivered up to the time of replanning is summed and displayed on the new anatomy, and
automatic propagation of the physician delineations from the original scan to the new scan. The
former is likely necessary for both safe treatment adaptation and accurate dose determination
while the latter is done to save considerable time for the physician. The anatomical changes
which could trigger adaptive replanning involve non-rigid tissue deformations of various
magnitudes; therefore, a process to determine the tissue correspondences and map points from
one image to another in the presence of non-uniform tissue deformations is required. This
process is called image registration.
1.4 Deformable Image Registration
Advances in imaging technology have provided physicians with a plethora of options for
A

acquiring additional information about

NSCLC patient for radiotherapy will usually undergo one or more CT scans to obtain tissue
density properties and often additional imaging procedures to aid in localization of disease such
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as PET acquisitions to highlight areas of high metabolic activity characteristic of tumor cells and
MRI scans to generate images with higher soft tissue contrast or provide functional information.
Furthermore, imaging ca
and to position the patient on a daily basis. In order to quantitatively combine information
obtained in multiple scans, anatomical correspondences between the images must be established.
Through image registration, the information contained in each scan can be accurately combined

decisions.
1.4.1 Rigid Registration Limitations
The goal of image registration, given two images to be registered, is to determine a
transformation that maps the elements in one image to their corresponding locations in the other
image. For medical images, corresponding locations are between analogous anatomical
structures. The simplest form of image registration is the rigid type, in which a single
displacement, with or without rotation, is applied uniformly to all image elements (pixels in 2D,
voxels in 3D). Aligning anatomy between two scans is not a trivial exercise, even when dealing
with a rigid object. Figure 1.3 illustrates simple image registration examples; as shown in parts (f
i), aligning the images by the image boundaries, rather than the image content, often results in
a poor alignment of the image subject. This is especially the case with medical images, where the
image field of view is rarely the same from one acquisition to the next.
A similarity transformation adds additional complexity to the basic rigid transformation
by allowing a uniform scaling factor to be applied with translation. This is illustrated in Figure
1.3 (d, h, l) in which the object is initially reduced in size and must be expanded by the
registration transformation to again match the original object. Moving beyond simple rigid shifts,
11

an affine transformation adds another degree of freedom in the form of image skew (not
illustrated).

Figure 1.3 Image registration examples (a) 2D image, shown in red, and the same image with various applied
transformations, shown in blue: (b) rigid displacement, (c) rotation, (d) scaling, and (e) non-uniform deformation. Initial
alignments prior to image registration are shown (f-i) along with results of image registration for (j) rigid displacement,
(k) rotation, and (f) scaling cases, where green indicates alignment between the image pair. The non-uniform deformation
problem of (e) cannot be solved by applying a uniform transformation to all pixels and instead requires deformable image
registration. Adapted from Figure 1 of the review article by Crum et al.18

The previously-mentioned transformations allow for simple image registration techniques
which are computationally efficient and can even be performed manually with a high degree of
accuracy. In clinical practice, manual rigid image registration is performed daily by the radiation
therapist when setting up patients in the treatment room for external beam therapy. For example,
a cone-beam CT is often taken of the immobilized patient, which is then registered manually to
the treatment planning image. The resulting difference in position between actual tumor and
12

tumor in the treatment plan is applied to the treatment couch, moving
alignment. Unfortunately, patient anatomy is not restricted to rigid movement. Changes and
differences in the patient from the time of planning which cannot be corrected by daily setup are
of constant concern when attempting to minimize accuracy of radiation delivery. These
challenges include motion of the organs such as respiration, cardiac motion, and peristalsis;
expansion or compression of various organs such as bladder and bowel contents; and more
dramatic tissue changes such as weight gain or loss, tumor regression, and atelectasis resolution,
as mentioned previously. To overcome the latter changes, non-uniform deformations must be
performed by the image registration algorithm.
1.4.2 Algorithm Components
Deformable image registration handles inhomogeneous changes between the objects
being registered by representing the underlying transformation using models which are more
complex than those rigid registration techniques discussed above. Rather than using a single
translation and rotation for all image elements, the transformation is allowed to differ among
regions of the image. Some deformation models calculate an independent displacement at every
point; others use interpolation or parameterization to reduce the degrees of freedom while still
allowing for localized deformations in portions of the image.
To briefly reiterate, the goal of image registration is to determine a transformation
mapping all voxels in one image to their correspondences in a second image. A DIR algorithm is
typically comprised of three components which enable calculation of the transformation: a
transformation model, a similarity assessment method, and an optimization procedure18. The
transformation model determines how the deformations will be represented and, therefore,
determines the number of parameters, or degrees of freedom, which the algorithm can adjust to
13

obtain sufficient registration accuracy. Given a transformation model, the similarity measure is
arguably the most important element of a DIR algorithm as it quantifies the degree of matching
which the transformation achieves between the two images and drives the optimization. The
similarity assessment method, commonly called the cost function, quantifies the alignment
between the images being registered through similarity metrics and also penalizes unwanted
behavior of the resulting transformation via penalty terms. Multiple similarity metrics can be
linearly combined along with penalties to form the total cost function.
Conventionally, the cost function is formulated such that the larger the value, the worse
the match between the images being registered; therefore, the value of a similarity metric
actually measures the degree of dissimilarity. A high penalty term value indicates the
transformation possesses the measured unwanted property to a high degree. E.g. a transformation
which gives a high regularization penalty contains regions which are highly irregular and which
lack smoothness. A cost function of zero indicates an ideal transformation according to the
chosen similarity metrics and penalty terms. However, not all cost functions are appropriate for
every registration problem. A cost function that works well for CT-to-CT registrations may
completely fail for CT-to-MRI registration. Therefore, great care must be taken to select a cost
function appropriate for the given registration problem. Lastly, it is the job of the optimizer to
minimize the chosen cost function by strategically adjusting the transform parameters. The
desired result is an optimal transform between the two images being registered. Optimization
algorithms which are commonly used in computer science in general include quasi-Newton,
Levenberg-Marquardt, simulated annealing, and various versions of gradient descent. These
algorithms are well-established and widely-used; thus, they will not be mentioned again in this
dissertation.
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There are many ways to mathematically represent a DIR transform. Unlike rigid
transformation which can be represented by a set of three (translation only) to six (translation
plus rotation) numbers for a 3D image, the need for localized deformations requires a
considerable increase in the number of parameters on the order of millions. The degrees of
freedom can be reduced by calculating and adjusting the transform at regular intervals
throughout the image and interpolating the deformations in between these locations. Splinebased transforms are an example of this interpolation, allowing complex deformations to be
represented compactly. Spline transforms are optimized at control points which are distributed
throughout the image space.
Thin plate splines are an example of such a deformation model, where smoothness is
mathematically built-in to prevent bending19. This model also benefits from not requiring a
regularly-spaced control point grid but has the potential disadvantage of each point influencing
the transformation at every other location in the image. Cubic B-splines can also be used to
represent local deformations but require a regular grid of control points for simple and efficient
representation20. The ability to model highly localized deformations is enabled by the compact
support of B-splines, e.g. the property of being non-zero only over a small region of space or
adjacent control points. B-spline transformations are discussed in greater detail in Chapter 4.
Similarity metrics vary widely compared to other components of DIR algorithms, but
they can be classified into one of two basic groups: feature-based metrics and intensity-based
metrics. The former category measures similarity according to features such as landmarks,
contours, or other artificial structures extracted from the image21. These features are often
derived from the intensity images being registered, but it is important to note that the features
themselves are independent of voxel intensity. This makes feature-based metrics inherently well-
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suited for multi-modality registration. However, it also means that registration uncertainty
increases with distance from the nearest feature and that accuracy at features is limited by the
uncertainty of the feature detection method.
Intensity-based similarity metrics compare voxel intensities of registered images to assess
the quality of the registration. These metrics can be calculated at all voxels of an image to more
accurately quantify the degree of matching provided by the registration, enhancing accuracy but
increasing computational demand22. An advantage of intensity metrics is that the only inputs
required are the images being registered with little-to-no user interaction, making them ideal for
fully-automatic registration algorithms.
By far, the most common similarity metric is the sum of squared differences (SSD) which
calculates the difference between corresponding intensities of the two images, as determined by
the transform, squares the result, and then sums the squared difference across the entire image23.
SSD works under the assumption that corresponding voxel intensities are similar (i.e. they differ
in value only due to minor image noise), so preprocessing techniques to remove systematic
differences are necessary in many instances24. Another deficiency with SSD is that voxels in
regions of low image intensity gradient contribute very little to the cost function, causing these
regions to have high registration uncertainty25. CT registration of the liver is just one instance
where little contrast information is available for the SSD metric, leading to potentially large
registration errors within the volume of the organ.
A metric which attempts to address both of the described deficiencies of SSD is the sum
of squared tissue volume differences (SSTVD) metric25. By weighting voxel intensities of the
image being deformed by the amount of expansion or contraction occurring within each voxel as
a result of the deformation, SSTVD aims to account for differences in tissue density which may
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be present due to stretching of tissue. A prime example of this phenomenon is respiratory motion
of the lungs. When the patient being imaged breathes in, air fills the lungs causing them to
increase in volume. The density decreases as the lungs expand, but mass remains constant,
leading to a decrease in intensity. When the patient exhales, volume decreases and intensity
increases. SSTVD allows the intensity of a structure to vary between scans and has been
successfully used to estimate ventilation and to register lungs at different breathing phases, but
under the assumption that only air is inhaled into alveoli and blood content in vessels remains
constant25, 26. Unlike for SSD, all voxels with intensity differences will contribute to the cost if
they are changing in volume even if they are located in a region of poor contrast25. The SSTVD
cost will be described in greater detail later in Chapter 4. The previously-discussed metrics tell
the optimizer how to identify a good match between voxels, yet it is often necessary to also
specify the properties of the desired transformation as well.
Whereas (dis)similarity terms in the cost function are designed to maximize a certain
property of correctly matched images, penalty terms in the cost function serve to prevent
unwanted behavior of the transformation during the optimization. Regularization penalties apply
to the transform itself, usually after it has been resampled into the form a deformable vector field
(DVF), to keep the transformations physically plausible. It is unlikely that the patient tissue is
torn or folded from one scan to the next, so the transform should not cause these behaviors to
occur.
For free-form transformation models such as B-splines, although splines have an
inherent smoothing property, nothing inherently prevents unrealistic transforms so regularization
is required18, 27. Numerous regularization penalties have been detailed in the literature for various
registration applications27 29. It is desirable for the transformation which results from image
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registration to have other properties in addition to smoothness. If, out of the pair, the image being
deformed is switched, the registration should result in the same correspondences. This behavior
is called inverse consistency and can be built into the cost function by penalizing transformations
which do not exhibit the property30. To obtain an accurate and physically-meaningful registration,
a transform may be required to possess more than one of the properties enforced by penalty
terms.
Algorithm performance and robustness can be improved by combining multiple metrics
in the cost function, running a series of different registrations, and performing various pre- and
post-processing steps. Combining feature-based and intensity-based metrics has been shown to
result in a more robust algorithm18, 31
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Following registration of high-gradient, high intensity

regions with a registration of homogeneous areas which have larger registration uncertainties
generates improved results34 36. Multi-resolution registration schemes are common strategies for
preventing the optimization from getting stuck in local minima37. Instead of starting with both
images at their full resolution, down-sampled images are registered first, with each successive
level using higher resolution images and accepting the resulting transformation of the previous as
its starting point. The implementation strategy is just as important as the algorithm components,
with nearly-endless methods available to the user. A poor choice in parameters is sure to lead to
registration failure even with a perfect cost function in place, potentially having a significant
impact on the treatment depending on where in the radiotherapy workflow the registration occurs.
1.4.3 Clinical Applications
Applications of non-rigid registration in the context of cancer treatment can include
monitoring of disease response, ventilation and perfusion estimation for lungs, atlas-based
segmentation, and automatic contour propagation22, 25, 26, 38, 39. DIR algorithms designed to
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transfer contours from one image to another, e.g. from planning scan to re-planning scan in the
case of adaptive therapy, or to create contours automatically save considerable time, mostly for
the radiation oncologist tasked with the tedious exercise. Additionally, algorithms designed for
this purpose have been demonstrated to be relatively insensitive to image noise, such as the
levels contained in CBCT images, which may not be the case for human observers40.
The practice of plan adaptation, as discussed previous, is one of the most exciting
potential applications of DIR currently being considered for clinical practice. The role of image
registration is in the calculation of localized dose distributions, illustrated in Figure 1.4,
providing a more accurate representation of the radiation dose delivered to the patient compared
to the historical practice of assuming patient anatomy remains unchanged from start to finish.
Dose accumulation with DIR has been investigated by numerous groups in attempts to deliver
higher doses to cancerous tissue while sparing nearby normal tissue18, 22, 27, 30, 41, 42.

Figure 1.4 Dose mapping example After registration of the planning image to each weekly image, the resulting transforms
are used to look up dose in the weekly images (blue arrows). The dose is then transferred back to the planning image for
accumulation and comparison with the dose of original treatment plan (red arrows).

The use of DIR, compared to a rigid registration, can potentially improve radiologicalpathologic correlative studies by generating more reliable maps of dose to critical structures13.
Accounting for deformation also enables an adaptive plan to compensate for under- and over19

dosage of the target and OARs, respectively8. For patient in which cancer has spread to the
lymph nodes, DIR is a necessity since the relative position of the tumor with respect to the nodes
is not fixed and is known to change7. Additionally, the DIR algorithm must be robust to large
deformations since changes such as the presence of tumor regression cannot be predicted8. DIR
is a semi- or fully-automatic process, making its implementation seamless, efficient, reliable, and
reproducible13; however, as uncertainty in DIR translates to uncertainty in mapped dose,
propagated contours, perfusion estimates, etc., current algorithms leave much room for
improvement7, 43.
1.5 Overview of Dissertation
1.5.1 Problem Statement and Purpose
As high precision radiotherapy is currently being practiced in radiation oncology clinics,
accurate knowledge of the location and dose of tissue regions becomes critical. Image
registration can provide the required level of precision44, but existing registration algorithms are
not designed to deal with the day-to-day changes in tissue evident in locally-advanced NSCLC.
Registration in this situation is a challenging and largely unresolved problem as tumor regression,
pneumonia, pleural effusion, and atelectasis are commonly present45. Because it is unknown
whether the observed shrinkage is of both the tumor and subclinical disease or is only a decrease
in image intensity caused by the reduction in tumor density, it is important to accurately track
tissue as significant changes occur in order to appropriately accumulate dose throughout
treatment46. Pneumonia and pleural effusion introduce fluid into the lung and pleural cavity,
respectively. When one of these diseases either appears or resolves during the course of
treatment, a fundamental assumption of current registration algorithms is violated, namely, that
corresponding anatomy exists between the two images being registered such as the planning and
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weekly images. While atelectasis does not cause new anatomy to appear, the tissue becomes so
deformed that the anatomical correspondence can no longer be recognized by common
algorithms. These conditions which contribute to registration failure are the same which
necessitate ART.
Under favorable conditions, i.e. when no large geometric changes occur and the tumor is
located in the lung parenchyma away from the mediastinum, current DIR algorithms used during
plan adaptation produce average landmark errors of 1 to 5 mm in lung tissue21. When tumor
regression, atelectasis resolution, and other non-tumor pathologies such as pleural effusion and
inflammation which commonly accompany the former are present, accurate registration is
7

. With centrally located tumors, atelectasis resolution, or the dissolving of

tumor rather than regression, feature-based algorithms depending on contours completely fail47,
48

. Algorithms currently used perform poorly since they were not designed to handle the

previously discussed cases.
This work aims to produce a registration method specifically designed to solve the
problem of changing tissues which will be more accurate than current state-of-the-art algorithms
in these cases. The goal of this research is to develop a deformable image registration algorithm
to improve CT-to-CT registration accuracy in difficult lung cases of atelectasis resolution,
ultimately leading to more accurate ART and potential improved local control and patient
survival rates. The developed algorithm should perform well in the presence of large geometric
lung changes and outperform the current state-of-the-art algorithms in use. The registration
method will implement a cost function which includes similarity measures tailored to the clinical
phenomena being registered and will be based on a cubic B-spline transformation model to allow
significant local deformations required to properly register large geometric changes. Digital
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atelectasis phantoms will be developed to guide the algorithm design process, and validation of
the developed algorithm will be performed using landmarked patient images, Jacobian
determinant maps, etc.
1.6.2 Summary of Aims
SA 1: Develop a virtual lung pathology phantom to support development of
deformable image registration algorithms
A virtual phantom modeling non-tumor pathology, primarily atelectasis, will be
constructed. Investigation into the characteristics of common pathologies will be conducted not
only to give the computational phantom realistic properties but also to guide the construction of a
registration algorithm to handle such cases in SA 2. Intensity and composition of the
pathological region in the phantom will be based upon the preliminary findings. A small,
representative set of phantoms may be generated in this manner, ranging from complete to partial
lung collapse at various clinically-observed locations of atelectasis occurrence and with varying
degrees of additional pathologies.
SA 2: Develop and evaluate a registration algorithm for atelectatic lobe
A novel registration algorithm will be developed to appropriately handle resolution of
atelectasis for a lobe bearing non-tumor pathology. A feasible set of registration parameters will
be optimized to give the most accurate registration results. The sensitivity of the registration
performance to a reasonable number of useful preprocessing techniques will also be investigated.
Upon completion of this aim, a registration algorithm will be implemented and optimized as to
register atelectatic lobes with reasonable accuracy and behavior of the resulting transformation.
SA 3: Extend registration algorithm to handle entirety of thoracic anatomy
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The algorithm developed in SA 2 will be extended to handle all lung lobes
simultaneously. The performance of the new algorithm will be compared to a number of
registration techniques such as the SSD or mutual information (MI) metrics used by the popular
Elastix software package. Accuracy will be evaluated using physician-specified landmarks, a
commonly-used standard for deformable image registration. The tests will be performed using a
diverse set of data which includes patients with differing degrees, types, and combinations of
tumor regression and large geometric changes. Both helical CTs and single breathing phases
from 4D fan-beam CTs will be used as test data.
1.4.3 Innovation
Currently, registration algorithm performance is poor when large geometric changes are
present, yet these changes are commonly observed in locally-advanced NSCLC patients. Not
only do current DIR algorithms perform poorly, but they also are not expected to accurately
register images exhibiting these large deformations. The primary reason for this failure is that
current algorithms, namely their cost functions, were not designed to properly handle large
changes in tissue intensity and volume. The DIR algorithm described in Aim 2 is a novel method
for longitudinal lung registration and will be the first DIR algorithm specifically designed to
accurately register lung parenchyma adjacent to regions exhibiting large geometric changes such
as lobar atelectasis reaeration. An algorithm which is accurate in the presence of large geometric
changes will enable meaningful dose accumulation in this cohort of patients which could have
major utility for adaptive treatment planning.
A critical challenge to development of an algorithm is characterizing the nature of the
registration problem. Unlike the case for relatively healthy lung registration, it is not clear from
literature whether or not mass is gained, preserved, or lost when an atelectatic region of lung re23

aerates during the course of radiotherapy. This will be the first work to investigate and quantify
the properties of atelectasis changes during radiotherapy to any significant extent. The goal of
Aim 1 is to develop a clear understanding of the process behind atelectasis and similar large
geometric changes, if not at a biomechanical level then at least in regard to CT number/physical
density behavior. For instance, if mass does not change once a collapsed portion of lung inflates,
then a mass-preserving similarity cost would be appropriate to use in the algorithm of Aim 2.
This work culminates in Aim 3 where the algorithm developed in Aim 2 is tested on real patient
data to quantify accuracy and to demonstrate successful image registration for challenging cases
of NSCLC in which current registration algorithms often fail.
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2. Methods for Registration Validation

2.1 Introduction
Many registration algorithms can be used for the same given task, but not all methods are
equally appropriate in every situation. Registration performance can change dramatically
depending on the type of input images and the levels of contrast and noise contained within them.
Comparing algorithms and quantifying their accuracy can be achieved through a multitude of
techniques.
The simplest way to assess an image registration is through visual inspection of the fixed
and deformed moving images, either one overlaid onto the other or as a difference image. Such
basic assessments are fine for daily image guidance verification or qualitative evaluation, but
quantitative performance measures are necessary to actually measure accuracy when the
potentially complicated deformations of DIR are involved49. When dealing with real patient data,
the deformations occurring to anatomy are initially unknown. The challenge in validation of DIR
results is due to the absence of a gold standard39. To obtain ground truth in actual patient cases,
the deformation or tissue correspondence must be determined for a large number of voxels.
Many anatomical regions make establishing correspondences challenging. Extensive time and
effort of the observer is required to denote a sufficient number of matching voxels in feature-rich
locations. For regions of low-contrast, accurate specification is not possible. Both validation data
and accuracy metrics must be chosen appropriately. Many methods have been devised and used
to assess registration accuracy, each having their own advantages and disadvantages.
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One way to understand the behavior of a registration algorithm on a fundamental level is
to test its performance on phantom images. A phantom can be either physical or digital but has
very basic properties, functioning as a well-defined test case. An investigator can generate digital,
or computational, phantoms on-demand and has full control over each voxel intensity value. Yet,
regions of uniform intensity in a digital phantom limit applicability27. Physical phantoms are one
step closer to clinical data as their images are subject to actual noise and imaging artifacts. Most
common are those which simulate intra-fraction motion such as respiration50, 51. While physical
phantoms have the advantage over computational phantoms of being closer to patient data, they
are often expensive and must actually be scanned by an imaging system.
Synthetic images, which are created by taking a patient image and applying a synthetic
transformation to generate an image pair, are an alternative to simplistic phantoms. These
artificially deformed images have the advantages of containing real patient anatomy and
providing a DVF known at every location which can be compared against the DIR-generated
DVF39. Synthetic images can be produced using finite element model techniques which assign
mechanical properties to voxels and apply forces to produce deformations. A synthetic image set
can also be produced by registering two images with a DIR algorithm and taking the original
moving image and the newly deformed moving image as the image pair. To avoid biasing the
accuracy results, the transform chosen to create an image set should be independent of the DIR
algorithm

39

. Multiple groups have used synthetic datasets to

evaluate DIR in lung, but such computational models require knowledge of underlying tissue
properties for accuracy and are still not as clinically relevant as using actual patient images for
both fixed and moving images of a registration37, 49, 52.

26

The most valid approach to evaluate clinical DIR algorithm performance is to use real
patient images as input, at the expense of no longer having the simplicity of a phantom or the

performance can be assessed based on expected properties of its resulting transformation. It is
desirable for an algorithm to create DVFs which have the same voxel correspondences regardless
of which image of the input pair is chosen as the fixed image; such an algorithm is said to be
inverse-consistent. The inverse consistency error metric quantifies the disagreement in position
of points in the fixed image and their correspondences when mapped first to the moving image
using the transform and then back to the fixed image using the inverse transform30. For the
application of dose accumulation, inconsistency between the transformation and its inverse
introduce ambiguity.
Diffeomorphic transforms ensure a realistic, physical correspondence map between the
two images as folding of space is prevented and the DVF is guaranteed to be invertible27.
However, diffeomorphism only ensures the DVF is physically valid. An identity mapping
between two images would be diffeomorphic, but likely incorrect unless the same image was
used for both of the images being registered. Algorithm accuracy must still be assessed using
additional measures.
Perhaps the closest measure of accuracy to a gold standard in DIR is the calculation of
registration error using physician-specified landmarks. A landmark is a pair of points, one in the
fixed image and one in the moving image, which have been confirmed by an expert to physically
correspond. The fixed landmark set can be moved to the moving image space by applying the
resulting transformation of the registration; the difference in position between a transformed
fixed point and its corresponding moving point is called landmark error. For the lung, a sensible
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location to place landmarks is at vessel bifurcations. Using landmarks as a validation measure
provides clinically-meaningful validation of a registration43, 53. However, the point matching
process is time-consuming and prone to inter-observer variability; care must be taken to use
landmarks distributed throughout the entire image or region of interest being registered27, 50. A
quality landmark set can serve as an excellent means to validate the performance of a DIR
algorithm in clinical situations. Therefore, the registrations of this work will be assessed
primarily by landmark registration error.
2.2 Landmarking Software
To facilitate the creation of landmark sets, software developed by the Imaging Sciences
Institute of the University Medical Center Utrecht (Utrecht, Netherlands) called isiMatch was
used54. The software

and packages together several

key tools: an automatic point generator, a GUI for annotating images, and a semi-automatic
matching feature. The GUI is shown in Figure 2.1.
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Figure 2.1 The isiMatch software interface The baseline scan in which distinctive points were found is displayed along the
top row. The mid-treatment scan in which the user must select corresponding points is shown along the bottom row. Red
crosshairs denote the current landmark points.

Before landmarks can be matched by an observer, features must be selected in one image
of the pair to be annotated. The isiMatch software provides a tool referred to as the Distinctive
Points Finder (DPF) which calculates a distinctiveness score for each voxel sampled from the
given image and returns a list of highly distinct and well-distributed points throughout the
volume.
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The user has control over the number of points to be found, the minimum distinctiveness
score to be returned, and the search region within the given image (via binary mask).
Distinctiveness is defined by Murphy et al. according to the following equation.

In the previous equation, G(p) is the magnitude of the intensity gradient at point p over ±1 voxel
in each dimension, j is the total number of points for which distinctiveness is calculated,
Diff(A,B) calculates the sum of intensity differences between equally-sized regions A and B,
ROI(c) is a spherical region of interest about a point c, and qi is one of m points sampled from a
spherical surface about point p. The distinctiveness score is essentially a measure of both
intensity gradients and intensity differences within a neighborhood about a given voxel. For
further details, the reader is directed to the original publication54. It is expected that the higher
the distinctiveness score is, the easier it will be for an observer to accurately find the
corresponding feature in an analogous image. Considerable time and effort is saved via the
automatic point set generation of the DPF. The GUI of the isiMatch software enables the user to
easily match the distinctive points in one image to the analogous anatomy in a second image.
The distinctive points and their user-specified corresponding locations is output by the software
and can be used to assess registration accuracy. For this work, unique image sets were
landmarked for 18 patients using the iX software. An example of landmark pairs is shown for a
single patient in Figure 2.2.
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Figure 2.2 Example of landmark pairs Representative coronal slices of a single image pair illustrating the typical
distribution of landmarks in both the baseline scan (first and second rows) and the mid-treatment scan (third and fourth
rows).

2.3 Quality Assurance
Physician-specified landmarks are the closest-available approximation

-

for evaluation of deformable image registration accuracy. The correspondences of landmarks are
taken as ground truth. Therefore, any errors in the landmarks sets will propagate to errors in
registration assessment. It is crucial that landmarks used to evaluate deformable registration be
reviewed and their accuracy confirmed. A method was developed to assure accuracy and quality
of physician-specified landmark pairs.
First, observers were provided an instructional document detailing the use of the isiMatch
software. The document also provided the observer with tips on using the software and a strategy
for matching difficult points in the lungs. This document is provided in Appendix I. The
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observers were also given a test image pair to landmark before moving on to the patients of this
study. During the test pair landmark process, the observers were supervised to provide assistance
and answer any questions. Once an observer was comfortable using the software and the test
correspondences were reviewed for accuracy, they were instructed to begin landmarking the
remaining patients.
An open-source software package for image registration, elastix, also comes with a tool
called transformix which enables the user to analyze and apply transformations55. If an image
pair is registered using elastix, the resulting transformation parameter file can be input to
transformix along with the moving image to generate a deformed (i.e. registered) moving image.
Overlaying the deformed moving image onto the fixed image in complementary colors provides
a qualitative assessment of registration accuracy, as demonstrated in Figure 2.3.

Figure 2.3 Complementary color overlay as a qualitative assessment of registration error. The fixed (magenta) and
moving (green) images are shown before (a) and after (b) image registration. Voxels displayed in grayscale indicate
similar intensities for both images while color regions are mismatched.
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The mid-treatment image of the landmark pair was deformed using a thin-plate spline
(TPS) deformation based on the landmarks. Briefly, the TPS deformation model combines an
affine deformation with local deformation and is calculated based on a given set of
corresponding points. The transform is given by the following equation19, 55, 56.

In the equation above, A and t are affine and translation transforms, respectively, and are
calculated from the differences between fixed and moving landmarks,
Also,

are the transform coefficients and

.

is the radial basis kernel.

An absolute difference image was calculated between the baseline and deformed midtreatment images. Using the open-source visualization software 3DSlicer (slicer.org), the
baseline landmark points were displayed with both the difference image and a complementary
color overlay of the baseline and landmark-deformed mid-treatment image, as shown in Figure
2.4. All landmark points were reviewed to flag any points which appeared incorrectly matched
by the observer, as indicated by color voxels, as opposed to grayscale, and significant intensity
patterns in the difference image. Flagged points were reviewed by the physician-observer and
corrected as necessary. The process of review and correction was repeated until all points were
deemed correctly matched.
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Figure 2.4 Landmark QA example The vessel on which point A is located is clearly misaligned as indicated in both the
difference image (a) and the complementary color overlay (b). As a result, point A would be flagged for closer review by
the physician performing the annotation while point B would be considered adequately matched.

A number of different annotation errors were found using the relatively simple quality
assurance procedure outlined above. The most severe errors were the result of the observer
selecting the wrong vessel tree, as shown in Figure 2.5. In this example, two vessel trees similar
in appearance and near the position of the initial point crossed each other in the axial plane. The
observer selected the incorrect vessel tree of the two on which to place the corresponding point.
The QA procedure easily identified this mismatch in alignment, allowing the observer to revise
the chosen point and improve accuracy of the landmark set. The most common error identified
by QA was the selection of the wrong bifurcation along the same vessel tree. An example is
shown in Figure 2.6, where the observer-chosen point was moved further down the vessel tree to
obtain an accurate match. Smaller errors were also caught such as placement of a corresponding
point on the incorrect side of a large vessel, as shown in Figure 2.7. In this example, the correct
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vessel structure is match by the observer, but the incorrect edge was chosen. While only a few
millimeters difference in location, selection of the wrong vessel side generates large intensities in
the difference image and a color ghosting (i.e. incomplete overlap of corresponding magenta and
green structures) in the overlay image. The wide range of errors detectable by this QA method
enabled significant improvement in the accuracy of landmark sets.
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Figure 2.5 Landmarking error: Incorrect Vessel An example of selection of the wrong vessel tree is shown. (a) The
baseline point (left), the initially-chosen corresponding point in the mid-treatment image (top right), and the corrected
corresponding point (bottom right). (b) The initial point was located 3 axial slices away from the corrected point,
corresponding to a displacement of at least 6 mm.
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Figure 2.6 Landmarking error: incorrect bifurcation An example of selection of the wrong bifurcation is shown. (a) The
baseline point (left), the initially-chosen corresponding point in the mid-treatment image (top right), and the corrected
corresponding point (bottom right). (b) The initial point was located 4 axial slices away from the corrected point,
corresponding to a displacement of at least 8 mm.
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Figure 2.7 Landmarking error: wrong side of vessel The baseline point (left), the initially-chosen corresponding point in
the mid-treatment image (top right), and the corrected corresponding point (bottom right). The wrong side of the vessel
was chosen as the corresponding point, causing noticeable discrepancies in the QA images.

Additional points were also added to the landmark set during the review process. Regions
without landmarks were not expected to show perfect alignment between the landmark-deformed
mid-treatment image and the baseline scan, especially if large deformations occur to the
underlying anatomy. To assure that registration landmark error calculated based on the landmark
sets was representative of registration error throughout the entire region of interest, points were
manually added to regions lacking landmarks and showing misalignment. The additional points
were added to the landmark set and matched by the same physician-observer. After the QA
process was completed and all landmarks were finalized, representative coronal and sagittal
image slices of the color-overlay image used for QA were obtained for each image pair. These
images are shown in Appendix II.
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2.4 Conclusion
Landmark sets for a total of 18 image pairs of patients with atelectasis were created with
a mean (stdev) of 169 (31) landmarks per patient. The landmark sets were matched by an
experienced physician. Accuracy of the landmarks was evaluated and improved through the
development of a novel quality assurance procedure. Through the creation of landmark pairs,
deformable image registration error could accurately be assessed for the image pairs of
atelectasis patients.
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3. Development of a Virtual Lung Pathology Phantom

3.1 Introduction
The landmark sets developed in the previous chapter are used to assess accuracy of the
final atelectasis registration algorithm and its variants on clinical data. The unknown ground
truth for deformations contained in real patient images makes landmark error the most accepted
validation method51 despite the extensive time and effort required to accurately create the
landmark sets27, 57. However, clinical patient scans with error quantified by landmarks have
limitations when attempting to understand the behavior of an algorithm.
Quantifying registration error via a set of physician-specified corresponding points only
measures the difference between the registration algorithm and human visual judgement57 and
requires regions of high contrast58. Observer errors in landmark placement will result in
imprecise estimates of registration accuracy. Additionally, feature-based error evaluations such
as landmarks cannot measure the uncertainty in homogeneous regions where contrast is absent
and intensity-based similarity metrics become degenerate, enabling large errors to occur in these
regions49, 52, 57. Contour propagation can be used to determine the registration error at the
boundary of homogeneous regions but suffers from the same uncertainties within the volume29.
An alternative to using patient images for registration accuracy testing is the development and
use of phantoms.
In the field of medical imaging, a phantom is an object constructed specifically for
testing properties of an imaging system. A phantom may be a physical object which can be
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scanned to obtain images or a digitally-constructed image made using software, skipping the
imaging step altogether. Both types of phantoms have been used previously to investigate
registration algorithm accuracy and are recommended for use in acceptance testing and routine
quality assurance of clinical imaging and registration software52, 59, 60.
A large number of publications have employed physical phantoms to model deformation
to various anatomical sites with varying degrees of complexity, lung respiration being the most
common variation29, 51, 57, 59, 61, 62. Some groups have even incorporated film dosimetry into the
design to allow investigation of dose delivery and accumulation51, 59 while others have created
phantoms compatible with multiple imaging modalities58, 61. One of the major challenges with
physical phantoms is achieving a sufficient degree of resemblance to patient data to improve
clinical relevance. Landmarks and features such as tumors and simplistic
incorporated into phantoms by several groups51, 58, but it is difficult to realistically mimic
anatomical structures in a physical model57, 62. Additionally, the use of physical phantoms in
busy clinics is made infeasible due to the time and resource requirements27. For the purposes of
measuring image registration accuracy, unlike for end-to-end testing of an imaging system, a
physical object is not needed.
Fully-digital phantoms, also referred to as numerical, virtual, or computational phantoms,
are alternatives to physical test objects and are considered to be a pseudo gold standard for
registration benchmarking58. This is because the ground-truth deformation between two images
of a computational phantom is known exactly at every point. Virtual images can be manipulated
precisely by the user to approximate any desired change in patient anatomy, currently not
possible with physical phantoms63, to investigate the impact of such changes on registration
algorithm performance.
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A number of techniques have been used to generate corresponding digital image sets for
anatomical sites of the prostate, head and neck, liver, and lungs27, 29, 57. Finite element modeling
is one such method that has been widely used to create computational phantoms whereby a
deformation force is applied across a given image, usually a clinical scan, and the elements, i.e.
voxels, are deformed in a realistic manner according to assigned elasticity properties49, 52. A
landmark-based approach to phantom creation uses the TPS deformation model, described earlier
in Section 2.3, to deform an image according to the displacements of the given landmark set. The
landmark/TPS approach enables arbitrary deformations to be modeled and has been used in
several published investigations to create computational phantoms from real clinical datasets27, 29.
As mentioned previously, landmark set creation is time consuming and may involve considerable
trial and error to achieve the desired deformation27.
An alternative to landmarking is to deformably register two images and apply the
resulting deformation to the moving image; together, the original moving image and the
deformed moving image comprise the computational phantom and the known DVF can be used
to quantify error at every voxel. Kim et al. used registration to construct virtual image pairs;
however, bias can easily be introduced if the deformation model used to create the phantom is
similar or identical to the deformation model of the registration algorithm with which the
phantom will be tested57.
While digital phantoms have been used extensively, the modeled deformations and
anatomical changes have mostly been limited to respiration in lung, flexion of the neck, and gas
filling of the rectum27. Several sets of standard computational phantoms are available for
download which include the popular XCAT and NCAT phantoms57, 63, 64, but only respiratory
and cardiac motion are easily applied to these popular designs which lack realism in many
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aspects. For instance, McGurk et al. had to modify the XCAT lung phantom to incorporate
realistic density change throughout the respiratory cycle63.
Lung phantoms, both digital and physical, have been concerned only with respiratory
motion and ignore other pathology and large geometric changes61, 62. In order to develop the
algorithm of this work prior to patient testing, computational phantoms were generated to
provide well-controlled test cases for registration. The computational phantoms will model
atelectasis resolution which involves large geometric changes to healthy parenchyma, mass
variation, and extraordinary intensity changes in the atelectatic lobe, most of which would not be
feasible in a physical phantom. The incorporation of non-tumor pathology which introduces noncorrespondence between phantom images has not been investigated previously, particularly for
the case of atelectasis resolution. Noise will be added to more closely approximate clinical data
despite findings that simulated noise has a negligible impact on registration performance52.
Studies have also suggested that intra-fraction density changes can be significant and may impact
dose65, but no significant dose differences were found in recent experiments63, 64. Regardless,
density changes are implemented in the computational phantom of this work for added realism.
By creating realistic, yet highly controlled test cases which mimic atelectasis resolution, the
registration algorithm can be tuned and improved to solve this challenging problem.
3.2 Characterization of Atelectasis Resolution
Before a virtual phantom could be created to model atelectasis resolution, the
characteristics of the pathology needed to be thoroughly investigated. Details of the investigation
into mass and density changes of atelectasis during radiotherapy are provided in Appendix III. It
is recommended that the reader proceeds to the manuscript of Appendix III before continuing
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with the remainder of this chapter. Additional details and supplementary data are provided in the
following subsections.
3.2.1 Data Quality and Preprocessing
Inconsistencies in scan parameters and multiple observers performing structure
delineation were present for some image pairs of the 18 patient dataset. To minimize the impact
of these issues on calculations performed in the study of Appendix III, a number of
preprocessing techniques were applied to the data.
Consistency of Lung Contours
Inter-observer delineation variability of thoracic structures on CT alone has been reported
to be within 1 mm for the gross tumor volume (GTV) when free from other pathology such as
atelectasis, which greatly hinders consistent contouring, and of similar magnitude for OARs66, 67.
While all contours used for this work were reviewed by the same experienced radiation
oncologist prior to use for greater consistency, additional attention by the individual creating the
contours was necessary to assure the same tissue was delineated between images of each pair.
The presence of large geometric changes and extensive pathology in the patient set made the task
non-trivial in many cases. Since the contours were used not only for the atelectasis resolution
study of Appendix III but also to specify registration regions for the work of Chapters 4 and 5,
several measures were taken to bolster consistency of the delineations.
Thoracic contours of this work were extensively reviewed during data creation. When
checking the contours for regularity between image pairs, the majority of discrepancies were
found along the mediastinal border. The central airways and vessels extend from the
mediastinum into the lung parenchyma. The point at which vessels leaving the mediastinum are
included in the lung is unclear and is left to the judgement of the observer. Figure 3.1 shows left
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lung delineations for patient 5, illustrating a consistent lung border along the mediastinum and
medial vessels in the presence of geometric shifts in tissue.

Figure 3.1 Left lung delineation (red) for (a) baseline and (b) mid-treatment images of patient 5 illustrating consistent
mediastinum border and unintentional inclusion of extra-pleural tissue along the distal edges.

Exclusion of Extra-Pleural Tissue
Healthy lung parenchyma is low-density tissue due to its high air content. Adjacent to the
lungs are tissues of much higher density, and therefore much higher intensity in CT images,
including the chest wall, diaphragm, and various structures within the mediastinum. The
unintentional inclusion of adjacent, high-intensity tissue in the lung contours was a common
occurrence and was a consequence of the use of contouring tools such as interpolation between
axial slices and automatic intensity-based segmentation. The choice of display settings, i.e.
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window and level, also impacted the extent of extra-pleural tissue included in the delineations.
As shown in Figure 3.1, small segments of the chest wall and even ribs can be seen inside of the
lung contours. The inclusion of non-pleural tissue can lead to erroneous contour-based
calculations and can present additional non-correspondence problems when used to specify the
registration regions.
Erosion of the lung contours was employed to remove any tissue inadvertently included
in the delineations and to minimize effects of inconsistent mediastinal borders. All contours were
first converted to binary images, where the voxel intensity was set to 1 inside and on the contour
and 0 outside of the contour. The binary images were then eroded from the exterior of the nonzero region by 1 voxel in all dimensions. An example of a single erosion of a binary image is
given in Figure 3.2. For individual lobes, the whole lung contour was eroded, and then the
intersection of the eroded lung and the individual lobe were obtained to generate the eroded lobe.
By doing so, the lobes were only eroded from the exterior lung boundary and not along each lobe
fissure.

Figure 3.2 An illustration of a single erosion 3D erosion of a binary image of a left lung, reducing the mask by a rind 1voxel in thickness (green). Shown are three views: a) axial, b) sagittal, and c) coronal.
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A trade-off exists when eroding lung contours between the removal of non-pleural
tissue and removal of actual lung tissue along the exterior border. The relatively high intensity of
external structures compared to the very low intensity of lung parenchyma justified the used of
erosion, as a small amount of water-equivalent volume could greatly affect the mass and density
calculations. To answer the question of how much erosion should be done to minimize the
effects of extra-pleural tissue, an erosion study was performed where the average density within
each lung contour was calculated as a function of the number of sequential, single-voxel 3D
erosions. Briefly, mean density inside a given contour was calculated by first adding 1000 to all
voxel values, converting from HU to approximate physical density. For example, air has a value
of -1000 HU and water has a value of 0 HU. By adding 1000, air takes on a value of 0 while
water is converted to 1000, approximating physical density. The voxel intensities were
calibrated, using the method described in the next section. Finally, the intensities were summed
across the contour region and divided by the number of voxels contained within the contour. The
results for all patients of the study cohort are shown in Appendix IV. Based on these findings,
three erosions were deemed sufficient. Eroded lobe masks which were used for mass calculations
are shown in Appendix V for all images used in this work.
Calibration for Differences in Scan Parameters
The images used for this work included patients enrolled in multiple imaging protocols
where scan parameters, and therefore quality, varied among patients and, occasionally, between
scans of the same patient. Additionally, since images were also obtained over multiple weeks
(intra-patient) and years (inter-patient), it is possible that the scanner(s) could have experienced
drifts in performance. Staring et al. describe a calibration technique which they applied to their
data to minimize changes in image acquisition characteristics68. This method requires average
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intensity of air outside of the patient and blood in the descending aorta to be calculated. A linear
adjustment of voxel intensities throughout the image was performed based on the measured
average HU values for these ROIs and the accepted HU values of the underlying material,
namely -1000 HU for air and 50 HU for blood. An example of calibration ROIs for one scan is
shown in Figure 3.3. The ROIs were manually created on three axial slices of each scan,
providing a large volume over which to average intensity. A summary of calibration values for
all scans of this work is given in Table 3-1.

Figure 3.3 Calibration ROIs for three axial slices of the mid-treatment scan of patient 1. The average HU intensity was
sampled from regions of relatively large volume in the descending aorta and air outside of the patient. The average values
were used to calibrate images to minimize the effects of scan parameters and scanner performance.
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Table 3-1 Average HU values used for image calibration of air outside of the patient and blood in the descending aorta.
Patients 1 through 4 had repeat imaging at the baseline and mid-treatment sessions, providing three image pairs.

Baseline (HU)
Air
Blood
-998.1
44.3
-997.1
27.7
-998.2
37.1
-998.4
33.4

Mid-treatment (HU)
Air
Blood
-996.9
25.6
-998.7
33.7
-998.1
34.3
-997.8
28.2

2 2
2 3

-998.3
-998.5

32.9
35.0

-997.8
-999.1

28.2
37.1

3
3
3
4

1
2
3
1

-1001.1
-1001.2
-1002.7
-1003.4

9.8
3.6
11.6
24.4

-1003.3
-1002.9
-1000.9
-1002.1

17.9
22.0
13.4
35.5

4 2
4 3

-1002.1
-1002.4

31.1
20.2

-999.9
-1000.8

20.2
22.8

5
6
7
8

-1000.6
-995.3
-998.5
-1000.4

24.7
37.5
30.1
39.9

-1001.1
-998.5
-999.3
-1001.4

23.5
30.6
32.3
25.2

9
10
11
12

-1003.8
-1003.4
-1000.2
-1003.6

30.9
25.0
40.1
32.5

-1002.1
-1002.5
-1001.8
-1001.7

37.5
15.1
29.9
30.0

13
14

-1003.0
-1002.7

39.4
29.4

-1001.8
-1003.2

29.9
32.2

15
16
17
18

-1001.6
-1002.5
-1001.3
-1002.1

27.2
32.9
22.3
26.1

-1002.0
-1001.9
-1000.2
-1001.9

30.7
37.0
27.1
28.7

Patient - Pair
1 1
1 2
1 3
2 1
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3.2.2 Tissue Changes
To characterize the impact atelectasis resolution has on the affected tissue and
surrounding normal parenchyma, the preprocessed data were used to determine relative changes
in mass, density, and volume of lungs on a lobe-wise basis. The principal results are detailed in
the journal article of Appendix III.
Repeatability
As noted in Table 3-1, patients 1 through 4 were part of an imaging protocol which
acquired three repeat breath-hold 3DCT scans per imaging session. This provided three image
pairs per patient. The first pair was used for the inter-patient mass and density change tests of the
study of Appendix III. All three pairs were used to quantify uncertainty and repeatability of the
mass and density change calculations, as the scans and contours were independently obtained.
On a lobe-wise and per-patient basis, the mass and density changes were calculated
independently for the three image pairs. The standard deviation and conformity index were
calculated for the resulting mass and density changes across the three independent image sets.
The average standard deviations of relative mass change were 4.7% and 3.5% for healthy lobes
and atelectatic lobes, respectively. The coefficients of variation were, on average, 0.7 for healthy
lobes and 0.1 for lobes containing pathology. For relative density change, the average standard
deviations across all healthy and atelectatic lobes were 3.5% and 0.6%, respectively. Average
coefficients of variation were 0.7 for healthy lobes and 0.02 for atelectatic lobes. The relatively
small magnitude of standard deviation across independent image pairs for the mass and density
changes indicated high reproducibility of the estimates.
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Change per Patient
The relative changes in mass, density, and volume as atelectasis resolves were calculated
and analyzed on a per-patient basis, though the figures were not included in the manuscript of
Appendix III. As shown in Figure 3.4, the majority of outlying lobes were those containing
atelectasis. For some patients, large differences in the amount of mass and density existed
between lobes, while for other patients the variability was minimal. Patients 1 and 2, in
particular, showed large differences even among healthy lobes. An unexpected finding was that
the relative changes for some healthy lobes were outliers, in some cases experiencing much
larger changes than those of the lobe containing pathology. Patients in which a change to one of
the healthy lobes was considered an outlier were 3, 6, 9, and 16 for mass and 3, 5, 10, and 17 for
density. The contours for these patients were reviewed carefully for inconsistencies in
delineation between image pairs, but no major issues were found. Visual inspection revealed no
obvious explanation for the large changes in healthy lobe values, though it was hypothesized that
subtle changes in blood content and orientation of vessels, leading to partial volume effects,
could be responsible. Since the intensity of blood was much higher than intensity of lung
parenchyma, the impact of vessel changes on density and mass could be many-fold greater than
those from lung tissue changes.
Supplemental Studies
The mass, density, and volume changes reported in the studies of Appendix III used
voxel intensity calibration and mask erosion preprocessing techniques as described in previous
sections. Additionally, the changes were calculated with no mask erosion, no voxel calibration,
and neither erosion nor calibration to observe to overall effects of the adjustments. Differences in
mass and density changes caused by applying each of the preprocessing methods are summarized
in Table 3-2. Voxel calibration made little difference but was still used in generating the final
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results to assure the highest accuracy. Mask erosion caused slight decreases in the percentage
differences between baseline and mid-treatment mass and density for all lobes, regardless of
pathology content. As described previously, erosion was deemed a necessary precaution to
assure extra-pleural tissue did not influence the mass and density calculations. So while the
preprocessing was shown to have minimal impact on the final results, both methods were still
included.
Table 3-2 Effects of voxel calibration and mask erosion on mass and density changes . Difference in changes caused by
applying the given preprocessing technique are shown, in units of % baseline value. Mean and standard deviation taken
across all patients and lobes.

Calibration

Erosion

Calibration + Erosion

Lobe

Mass

Density

Mass

Density

Mass

Density

Pathology

0.2 (0.6)

0.2 (0.5)

-1.7 (5.8)

-2.9 (2.3)

-1.4 (5.9)

-2.7 (2.3)

Healthy

0.3 (1.0)

0.2 (0.9)

-2.0 (12.3)

-1.0 (4.3)

-1.7 (12.0)

-0.7 (4.5)

All

0.3 (0.9)

0.2 (0.8)

-1.9 (11.2)

-1.4 (4.0)

-1.6 (11.0)

-1.1 (4.2)

A surprising finding of the mass change analysis was the large variability experienced by
full resolution of atelectasis as shown in Figure 2 of Appendix III. An apparent decrease in mass
for healthy lobes was also present in the data. As further investigation into the mass and density
changes, the correlation between these changes and volume was assessed. Figure 3.5 shows
mass, density, and volume changes as functions of the percentage of volume collapse of the
pathology-containing lobe in the baseline image. No correlation was found, and the degree of
initial collapse appears to be irrelevant for predicting changes caused by the resolution. Mass and
density changes were also plotted as a function of volume change, as shown in Figure 3.6. Again,
the degree of volume change showed little correlation with the observed mass and density
changes. While some mechanics of atelectasis resolution remain unclear, the studies presented in
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this chapter have sufficiently characterized the effects of changes which are relevant to the image
registration problem posed by this subpopulation of patients.

Figure 3.4 Mass, density, and volume change per patient Box and whisker plots for mass (a), density (b), and volume (c)
changes per patient illustrating large differences in variability of healthy-lobe changes among the patient cohort. The box
marks the inner quartile range while the solid line indicates the median change. Points beyond the whiskers are
considered outliers and predominantly consisted of lobes containing pathology, shown in red.
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Figure 3.5 Effect of degree of atelectasis change Mass (a), density (b), and volume (c) changes as a function of the
percentage of baseline pathology lobe affected by atelectasis. Lobes containing atelectasis as shown in red. Linear
regression was used to fit the data, though no correlation was found. R-squared values were 0.02, 0.000003, and 0.007 for
mass, density, and volume, respectively.
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Figure 3.6 Effect of lung volume change on mass and density Mass (a) and density (b) changes as a function of volume
change. Lobes containing atelectasis are shown in red. Linear regression was used to fit the data, but no correlation was
found for both mass (R-squared = 0.2) and density (R-squared = 0.4).

3.3 Atelectasis Phantom Creation
3.3.1 Phantom Generator
Virtual phantoms provide useful test cases for image registration algorithms. To guide the
development of the image registration algorithm discussed in the next chapter, it was necessary
to create virtual phantoms consisting of a pair of synthetic CT images. A virtual phantom
generator was written in MATLAB to facilitate the creation of images containing arbitrary
geometric shapes such as spheres, ellipsoids, cylinders, etc. The mass ratio between objects
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could be specified by the phantom creation parameters. Also, the generator provided the option
for addition of image noise to better approximate real CT studies. Combining basic shapes
allowed simplified lung geometry to be replicated in the phantom images.
Two MATLAB functions were written to enable phantom image creation. The functions
were designed to read text files containing specifications of geometry and image features. A
GitHub repository was created to collect all code written for this project, including the phantom
generator, and can be found at the following address: https://github.com/guycl/guy-dissertation.
The version of the functions used to generate the phantoms of this work allowed for the
following geometric shapes to be used for object creation: a sphere, a cylinder with its central
axis parallel to either the Y or the Z directions, a plane extending in the Y direction, and a
spheroid with central axis along the Z direction. The functions can easily be modified to
incorporate additional geometric shapes. Using the MATLAB functions of the phantom
generator, useful virtual phantoms can be created.
3.3.2 2D + 1 Phantoms
Understanding the behavior of a registration algorithm is a helpful first step to improving
its design. To facilitate the characterization of the behavior of various registration parameters,
with particular focus on the similarity metrics, as implemented in the elastix software package,
simple 2D + 1 phantoms (N x N x 1 images) were created using the MATLAB functions of the
GitHub repository.
Concentric Discs
The first 2D +1 phantom consisted of a pair of concentric discs of different sizes with
varying degrees of mass preservation. Image noise was added for increased realism. The mass
change from the smaller 30 mm radius disc to the larger 40 mm radius disc was chosen based on
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the mass change of atelectasis during complete resolution as reported in the study of Appendix
III. Due to the simplicity of the phantom geometry and the purpose of this stage of the
investigation, mass changes of +0%, +25%, and +50% were selected for use. Even though mass
change of atelectatic lobes which fully resolved did not reach 50% of the baseline mass, a 2D+1
phantom was created with this degree of change to observe the registration behavior beyond the
limits of what may be present in clinical images. The simple symmetric shape allowed for testing
of algorithm components under the most basic of conditions.
The 2D+1 concentric circle phantoms are shown in Figure 3.7, and the specifications of
the phantom image pairs are provided in Table 3-3. Images sizes were 101 x 101 x 1 isotropic
voxels with 1 mm3 voxel volume. The volume ratio of the larger disc to smaller disc was 1.78.
Due to the addition of image noise, the mass changes were different than the nominal values for
each phantom pair; however, all mass changes were within 0.5% of expected.
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Table 3-3 2D + 1 concentric discs phantom information

Radius

Mean (Stdev)

Volume

Mean Density

Approx. Mass

Mass Diff

Phantom

(mm)

(HU)

(mm3)

(mg/mm3)

(g)

(%)

Mass

30

-29.4 (42.4)

2821

970.6

27.4
-0.5

Loss 0%

40

-452.6 (22.3)

5025

547.4

27.5

Mass

30

-27.9 (40.8)

2821

972.1

27.4
-24.9

Loss 25%

40

-590.2 (17.7)

5025

409.8

20.6

Mass

30

-28.7 (42.0)

2821

971.3

27.4
-50.1

Loss 50%

40

-726.7 (11.8)

5025

273.3

13.7

Figure 3.7 2D+1 concentric disc phantoms are shown for mass preservation (a-c), 25% mass loss (d-f), and 50% mass loss
(g - i) variations. Together, the smaller disc of 30 mm radius (a, d, g) and the larger disc of 40 mm radius (b, e, h)
comprise the phantom image pair. Complementary color overlays of the unregistered images are shown in the right-most
column (c, f, i).
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Spiraling Concentric Discs
The previous phantom, with a single disc as the registration object, was sufficient for
testing many aspects of a registration but lacked features which could assess registration
performance with respect to spatial frequency. A second set of phantoms, shown in Figure 3.8,
were generated to address this limitation. Each image contains 9 discs of various sizes arranged
in a spiral pattern which increase in size between images of the phantom. Details of the phantom
images are provided in Table 3-4. The volume ratio between corresponding spheres between the
two images was held constant for all spheres at 1.5625. The spiral phantom enabled testing of
various properties of the B-spline transform such as spacing and position of the control point grid.
Table 3-4 2D + 1 Spiraling concentric discs phantom information

Mean (Stdev)

Volume

Mean Density

Approx. Mass Mass Diff

Phantom

Radii

(HU)

(mm3)

(mg/mm3)

(g)

Mass

Small

-0.1 (5.0)

19225

999.9

192.2

Loss 0%

Large

-360.0 (5.0)

30149

640.0

193.0

Mass

Small

0.0 (5.0)

19225

1000.0

192.2

Loss 25%

Large

-520.0 (5.0)

30149

480.0

144.7

Mass

Small

0.0 (5.0)

19225

1000.0

192.2

Loss 50%

Large

-680.0 (5.0)

30149

320.0

96.5

(%)

+0.4

-24.7

-49.8
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Figure 3.8 Spiral of 2D+1 concentric disc phantoms are shown for mass preservation (a-c), 25% mass loss (d-f), and 50%
mass loss (g - i) variations.

3.3.3 3D Phantoms
Simple Lung Geometry (Prototypes)
A 3D phantom which modeled lung geometry including atelectasis resolution was desired
for construction and optimization of the DIR algorithm of this work prior to testing on real
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patient data. The construction of the computational lung phantom of the next section involved
several iterations to achieve the desired appearance and realism of deformation.
The first version of the simple geometry phantom consisted of a single, left lower lobe
modeling atelectasis resolution. Four variations of the phantom were constructed, shown in
Figure 3.9, to include matching/non-matching inferior borders between the two phantom images
and to include vessel-like structures in the expanded lobe image. While the geometry was
relatively simple, the change in lobe geometry was much greater than what was present for real
patients, and the large deformations required to correctly align the lobes of the phantom were too
large for B-splines deformation to handle. The lack of information outside of the atelectatic lobe,
which is present for clinical data, was a major limitation of the phantom.
A new phantom was created which improved upon the previous design by adding
features outside of the lobe. As shown in Figure 3.10
medial edge of the lobe. Markers were also added along the superior border to provide
information onto which the registration could latch in order to improve the registration at the
lobe boundaries. This design was abandoned since the markers were unrealistic. The markers
were replaced by vessel-like structures positioned along the superior lobe boundaries to form the
next iteration of the phantom, shown in Figure 3.11. While much improved, testing revealed that
the vessel-like features were too small to influence the registration, primarily due to the high
in
phantom model which was an unnecessary challenge for the registration algorithm of this work,
as only the lung parenchyma registration is of interest. The limitations of the phantom prototypes
provided useful feedback for the creation of the final computational phantom.
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Figure 3.9 Initial prototype of the computational lung phantom. Shown are different views (left transverse, center
sagittal, right coronal) of the complementary color overlays of the two images of the phantom pair. The phantom
consisted of a single lobe undergoing atelectasis resolution with no mass change. Variations included matching inferior
border (a, c) and vessel-like structures in the expanded lobe (c, d).
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Figure 3.10 Second iteration of the atelectasis phantom which included more plausible lung deformation and additional
high-contrast features along the lobe exterior. Various views of the collapsed lobe (a) and expanded lobe (b) are shown.

Figure 3.11 Third iteration of the atelectasis phantom which included high-contrast, vessel-lik
superior border. Various views of the collapsed lobe (a) and expanded lobe (b) are shown.

Computational Lung Phantom
The final version of the simple geometric phantom was created, based on the previouslydiscussed prototypes, to model atelectasis resolution of an entire left lung. The lower lobe
modeled atelectasis resolution while the upper lobe modeled healthy parenchyma undergoing
large geometric changes as a result of the atelectasis resolution. Figure 3.12 demonstrates the
construction of the lung phantom via simple geometric shapes. Using the MATLAB functions
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and phantom creation parameter files located in the GitHub repository, the lung phantom images
shown in Figure 3.13 were generated. Mass was preserved for both lobes of the initial phantom.
While the lung phantom contained the desired geometry, the transform between the two images
was unknown.

Figure 3.12 Construction of the lung phantom via simple geometric shapes . The volumes of the dark blue spheroid and
green cylinder are added, while the red sphere volume is removed. Upper (light blue) and lower (yellow) lobes are
separated by the black plane. The lung phantom image pair consists of (a) the expanded lower lobe image and (b) the
collapsed lower lobe image.

Figure 3.13 Lung phantom images for (a) the expanded lower lobe, (b) the collapsed "atelectasis" lower lobe, and (c) the
complementary color overlay. Six vessels are present in the upper lobes which are displaced only in the sup-inf direction
as the lower lobe expands.
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A true computational phantom requires the ground-truth displacements at every voxel. A
computational lung phantom was created using the non-corresponding lung images by first
landmarking the lung phantom. The isiMatch software, described in Chapter 2, was used to
create a set of known correspondences. Rather than using the Distinctive Point Finder tool as
done for the patient image pairs, points were manually identified in the collapsed lobe image.
Figure 3.14 and Figure 3.15 show the locations of the 296 chosen points. The points were then
converted to a format compatible with the isiMatch software, and the landmark set was generated
by identifying the corresponding points in the expanded lower lobe image.

Figure 3.14 Coronal slices of the lung phantom showing 296 manually-specified distinctive points.
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Figure 3.15 Sagittal slices of the lung phantom showing 296 manually-specified distinctive points.

The completed landmark set was used to deform the original lung phantom images using
transformix to perform a landmark-based TPS deformation, as described in Chapter 2 for
landmark set QA. The point pairs were converted to a transformix-compatible input file which
was then used to deform the expanded lobe image. Both the landmark coordinates and the
transformix log are included in the GitHub repository. The result of the transformix deformation
was a known DVF at every voxel and a deformed expanded lower lobe image. In order to adjust
the intensity of both deformed lobes, MATLAB scripts, also provided in the repository, were
used to generate three variations of the final computational phantoms: no mass change, 25%
mass loss, and 25% mass gain. The mass changes were of the atelectatic lobe as it underwent
resolution. The upper lobe mass was preserved in all cases. Figure 3.16 shows the three
computational lung phantoms which were used for algorithm testing. Figure 3.17 illustrates the
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known DVF overlaid on the phantom images demonstrating the deformation between the two
images of the phantom. Phantom details are provided in Table 3-5.

Figure 3.16 Overlays of the computational lung phantoms for (a) no mass loss, (b) 25% mass loss, and (c) 25% mass gain
in the atelectatic lobe from collapse to expansion.

Figure 3.17 Overlays of the ground-truth DVF with the collapsed lower lobe image (top) and the complementary color
overlay of the no mass change phantom image pair (bottom). The vector field is sub-sampled. Vector size corresponds to
actual displacements of the corresponding voxels.
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Table 3-5 Computational lung phantom information

Phantom

Image

Approx.

Mass

Mean (Stdev)

Volume

Mean Density

Mass

Diff

Lobe

(HU)

(mm3)

(mg/mm3)

(g)

(%)

Upper

-680.2 (52.5)

164812

319.8

527.1

+6.8

Lower

-278.4 (32.7)

131604

721.6

949.7

-0.1

Upper

-522.7 (44.7)

110382

447.3

493.7

--

Lower

-489.9 (21.7)

186411

510.1

950.9

--

Upper

-680.2 (52.5)

164812

319.8

527.1

+6.8

Lower

-98.1 (40.8)

131604

901.9

1186.9

+24.8

Upper

-522.7 (44.7)

110382

447.3

493.7

--

Lower

-489.9 (21.7)

186411

510.1

950.9

--

Upper

-680.2 (52.5)

164812

319.8

527.1

+6.8

Lower

-458.8 (24.5)

131604

541.2

712.2

-25.1

Upper

-522.7 (44.7)

110382

447.3

493.7

--

Lower

-489.9 (21.7)

186411

510.1

950.9

--

Collapse
Mass
Loss 0%
Expand

Mass

Collapse

Loss
25%

Mass

Expand

Collapse

Gain
25%

Expand

3.4 Conclusion
A diverse set of phantoms were generated to investigate registration algorithm
performance and to model atelectasis resolution. Using the phantoms as simplified surrogates for
patient data, the registration algorithm could be effectively developed and tuned prior to use on
clinical cases. The simplified geometry allows for focused testing of algorithm characteristics,
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but provides a sufficient degree of realism so that findings remain relevant to the problem of
patient registration in the presence of atelectasis resolution.
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4. Registration Algorithm Development

4.1 Introduction
The registration algorithm of this project was designed specifically to perform accurately
when atelectasis resolution was present between images of the registration pair. A cubic B-spline
transformation basis was selected for computational efficiency and ability to model localized
deformation. The cost function was composed of a mass-preserving similarity metric evaluated
on the healthy lobes of the lung, a standard regularization penalty on the transform, one of four
intensity-based similarity metrics evaluated on the atelectatic lobe of the lung, a component for
co-registration of enhanced vessel images, and a component for co-registration of lobe label
images. The vesselness component was added to emphasize alignment of vasculature. The lobe
label component of the cost function was expected to account for the large geometric changes
coincident with resolution of pathology to provide a robust lung registration algorithm. The
components of the registration algorithm are discussed in detail in the following subsections.
4.1.1 Cubic B-spline Transformation
Deformable image registration requires a transformation model that allows for local
deformations. One way this can be accomplished is by calculating an independent displacement
vector at every voxel of a given image as is done with Demons registrations. This requires
considerable system resources as the optimizer is tasked with finding the registration solution to
a problem with 3 x N degrees of freedom for a 3D image pair, where N is the number of voxels
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per image. More elegant approaches involve transformation models for which the optimizer
needs only adjust parameters for a subset of points and interpolation is used to obtain
displacements for the remaining locations throughout the image.
Elastic deformation models which attempt to model deformation based on physical
elasticity properties assigned to image voxels are an alternative to Demons, but verifying
accuracy of tissue properties is difficult and tend to have high inter-subject variability69. Cubic
B-spline is an example of a compact transformation model which has been successfully used for
deformable image registration27, 43, 52, 69. In lung registration cases in particular, B-splines have
been shown to perform well when Demons-based algorithms fail27.
B-splines use a regular grid of control points which are distributed across an image, with
the number of control points being a function of the image size and B-spline spacing. For cubic
B-splines, the number of grid points along a given dimension is equal to image size / spacing +
3, and the grid is centered over the image. By extending the grid beyond image edges, it is
assured that a valid transformation is obtained for every image voxel.
For a control point grid of size

x

x

, the cubic B-spline displacement is given by

the equation

where

,

,

,

,

and
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,

where the th basis function is given by

20, 69, 70

. The primary parameter of the B-spline

transform is the control point spacing which must usually be chosen on a case-by-case basis for a
given application71. A large spacing can prevent local minima in the presence of large
deformations, but local deformations may require finer spacing52. Care must be taken with grid
spacing selection as B-splines tend to be sensitive to intensity gradients at finer grid resolutions
and since increased node numbers have been shown to decrease accuracy in low-intensity
gradient structures49, 52.
A key advantage of B-splines is the local support of the model due to the splines
quickly falling to zero. I.e. to evaluate the transformation at a given point within the image
domain, only the adjacent two control points in all directions is necessary. The TPS deformation
model discussed previously in Section 2.3 is a global transformation in the sense that the
deformation at every point is a function of each and every point on which the model is built,
limiting the degrees of freedom and providing high computational complexity69. The local
support of B-splines also reduces interdependency of parameters which makes the optimization
problem easier and faster to solve71. For these advantages, and due to the large and complex
deformations involved with atelectasis resolution, the cubic B-spline transformation model was
chosen as the basis for the registration algorithm of this work.
4.1.2 Intensity-based Similarity Metrics
Sum of Squared Intensity Differences
One of the simplest, yet effective, similarity metrics used in image registration is the sum
of squared intensity differences (SSD) cost given by the following equation:
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where

and

are the fixed and moving images input to the registration algorithm,

fixed image domain, and

is the

is the current transformation55, 71. The SSD metric assumes that

corresponding voxels have the same intensity. While this assumption is valid for bony anatomy
and mostly rigid anatomical sites such as the brain, intensity in the lungs changes from secondto-second with the respiratory cycle and can change dramatically over the course of days and
weeks due to pathological progression or resolution. Therefore, SSD is not the most robust of
similarity metrics, useful mainly for its simplicity. The SSD metric is included in the tests of this
work due to its wide-spread use for image registrations28, 53.
Mutual Information
When the intensity between corresponding voxels differs, SSD has difficulty. Numerous

SSD is the Mutual Information (MI) metric. Rather than matching voxel intensities directly, MI
measures the alignment of the intensity histograms of the two images being registered. The
histogram bin centers and widths are allowed to differ between the fixed and moving images. As
a result, the contrast information contained in the image is matched while ignoring the magnitude
of voxel values. The metric is defined as

where

and

are histogram bin centers,

is the discrete joint probability, and

and

are

the marginal discrete probabilities of the fixed and moving images55. MI enables registration of
multimodality images and, therefore, is included in most image registration software. The metric
was included in the tests of this work due to its common usage.
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Sum of Squared Tissue Volume Differences
As mentioned previously, lung tissue changes in intensity during the respiratory cycle as
air content is varied and tissue is compressed and stretched. The similarity metric Sum of
Squared Tissue Volume Differences (SSTVD) was developed specifically for registration
between the different respiratory phases of the lung. The cost for SSTVD is given by

where

is the Hounsfield unit value for air (typically -1000),

unit value for tissue (approximately 55), and

is the Hounsfield

is the determinant of the spatial Jacobian of

the transformation

which represents the degree of compression (value < 1) or expansion (value > 1) of voxel
volume25, 70. By scaling intensity by the spatial Jacobian factor, the moving image intensity is
weighted to account for volume changes in the tissue. SSTVD has been used for lung registration
by many groups, mostly for registration between phases from a single 4DCT study72, 73.
Sum of Squared Regional Volume Differences
The final metric under consideration for this work was developed specifically for this
investigation via a slight modification of the SSTVD metric. While SSTVD weighted the moving
image intensity by the local spatial Jacobian determinant, the Sum of Squared Regional Volume
Differences (SSRVD) used the average of the spatial Jacobian determinants throughout the
registration region.
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The rationale behind averaging the determinant over the entire registration region was based on
the observed intensity changes across the atelectatic lobe as atelectasis resolution occurred. The
intent was to provide a more uniform expansion of atelectasis in the presence of excessive
intensity non-correspondence. As explicit derivatives for a cost metric are needed to implement
with the B-spline transformation71, Appendix VI contains the gradient calculation of SSRVD
along with results of a provisional implementation which tested the feasibility of the new metric.
4.1.3 Additional Properties
Vesselness Measure Images
Intensity-based registration of lung parenchyma is almost exclusively driven by the
intensity of vessels and airways. It is also necessary in radiation oncology to align vessels in the
presence of pathology such as tumor. Image filters have been designed to enhance the
vasculature of lungs while suppressing non-vessel objects. Using the resulting vessel-enhanced
images, improved registration results are possible31, 74, 75. A vesselness measure image is
constructed from a CT image using the following filter:

where

is the ith eigenvalue of the image intensity Hessian matrix and

where is a cutoff threshold between 0 and 1 and is the current scale of vessel objects being
enhanced76.
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The vesselness measure (VM) filter produces well-connected when appropriate
parameters have been selected regarding the scale of the filter. The implementation of the Jerman
min

max,

and nScales, which

corresponded to the minimum scale, maximum scale, and number of intermediate scales,
respectively, over which to run the filter. The results of each scale were combined to form the
final VM image. Optimization of the filter parameters revealed the parameter set of 0.6, 5, and 5
to provide the best results which were assessed qualitatively.
To enhance lung parenchyma registration, a VM image co-registration was included as
part of the registration algorithm of this work. VM images were automatically generated using
the Jerman vesselness filter. The SSD similarity metric was used to quantify registration

geometric changes and atelectasis pathology, some limitations of the VM filter had to be
addressed. It has been suggested by other groups that the vesselness measure may not be valid
when anatomical changes are present75. It has also known that different size vessels behave
differently with lung inflation77. Both of these limitations directly apply to atelectasis resolution.
To address these potential issues, a mask of only the healthy lobes of the lungs was provided to
the vesselness filter. By doing so, any non-correspondences between collapsed and expanded
lung would be avoided in the VM images. By co-registering the vessel trees of health lung
parenchyma it was expected that any residual misalignment from the SSTVD component would
be minimized by the VM component.
Multiresolution Approach
The B-splines transformation detailed in Section 4.1.1 requires the user to select the
control point grid spacing. The choice in spacing affects the degree of local control in the
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transformation and should be chosen based on the smoothness of the deformation between fixed
and moving images of the registration71. Grid spacing selection on a patient-by-patient basis has
been suggested for optimal registration performance52. To provide robustness to B-splines-based
registrations, multiple resolutions of a registration can be combined where the transformation of
a single resolution is passed as the starting transformation to the next resolution.
The potential in improvement of registration performance comes from the ability to
change registration parameters from one resolution to the next. Varying the B-spline spacing
71

.

Changing the control point grid is often accompanied by smoothing or downsampling of the
image for further robustness of the optimizer to local minima. Along with the choice of
optimizer, multiresolution pyramid design is the main variable which affects speed of a
registration algorithm73. Using an integer ratio of the B-spline spacing from one resolution to the
next saves computational resources when convolving the transformations and also allows the
coarser transformation to be represented at a finer scale without loss of information71.
Many studies utilizing B-spline registration algorithms have taken a multi-resolution
approach with success29, 69, 77
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. The registration algorithm of this work also employs a multi-

resolution scheme which varies the B-spline spacing by integer multiples of 4 mm, with the
coarsest resolution of 128 mm. For the computational phantom tests of Section 4.3, six
resolutions were used: 128, 64, 32, 16, 8, and 4 mm. For the patient registrations of Section 4.4,
the final resolution was removed, resulting in a 5-resolution coarse-to-fine grid spacing schedule
with a minimum of 8 mm control point spacing.
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Region Masking
It is often the case that additional anatomy is present in a given imaging study which is of

beyond the region of interest, e.g. a thoracic CT which includes the abdomen or neck. For the
registration of lungs in particular, extra-pleural tissue such as bone, diaphragm, and mediastinum
can easily dominate the relatively low-intensity vessels and airways, especially form intensitybased similarity metrics. To prevent these limitations, masking has been used when the
registration focuses on the lungs43, 74. The use of registration masks has been shown to increase
registration speed by focusing only on significant pixels and may reduce registration errors by up
to 50%49, 71. Since the registration algorithm of this work is focused only on registration of lung
parenchyma, lung masks were used to evaluate the similarity metrics of the CT images and to
separate the cost function metrics for the healthy and atelectatic lobes.
4.2 Characterization of Algorithm Properties
Using the 2D+1 phantoms of Section 3.3.2, properties of the registration algorithm as
implemented in the elastix software, namely the B-spline transformation model, were
investigated. Tests were performed to determine the effects of inappropriate parameter selection
including B-spline control point grid spacing, control point grid location, optimizer parameters,
number of iterations, and multiresolution schemes. Also investigated was the sensitivity of the
intensity-based metrics to mass change of the simple discs of the 2D+ 1 phantom. Through
detailed study of parameter variation on registration results, a firm understanding of the
registration software was developed using the basic test cases provided by the phantoms.
4.3 Phantom Registrations
The goal of this work is to accurately register lung parenchyma in the presence of
atelectasis resolution. To assess the feasibility of using the hybrid B-splines intensity- and
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feature-based algorithm proposed in Section 4.1, testing was first performed on the
computational lung phantom described in Section 3.3.3. The simple geometry and primitive
features of the computational phantom provide a well-defined test case with known deformation
at every voxel, allowing for registration error assessment throughout all regions of the phantom,
particularly within homogeneous-intensity volumes. It was hypothesized that if the registration
algorithm was able to accurately register the phantom, then it should be feasible to use the same
algorithm to register clinical patient images in which atelectasis changes are present.
For all registrations performed on the computational lung phantom, most parameters were
held constant except for the cost function and corresponding weights. The adaptive stochastic
gradient descent optimizer was used together with a random coordinate image sampler to sample
10,000 voxels per iteration. A multi-resolution scheme was used which involved a B-spline
spacing schedule of 128, 64, 32, 16, 8, and 4 mm, totaling 6 resolutions with 100 iterations per
resolution and no stopping criteria. No image smoothing was used due to the simple geometry of
the computational phantom and the high degree of initial overlap between the two phantom
images, as shown in Figure 3.16 a. Finally, automatic mask erosion was used to exclude the
external boundary of the lung since, in patient registrations, the masks will likely be created from
manual contours of lung and could contain delineation errors such as inclusion of extra-pleural
tissue which may be inconsistently delineated between image pairs and is not the target of this
work. Also, inclusion of the external phantom surface would shift the focus of the investigation
to how well the registration algorithm can register high-contrast edges rather than the original
inquiry of how well the algorithm performs inside both the healthy and atelectatic regions.
Target registration error (TRE) was assessed by computing the Euclidean norm of the
difference vectors between the ground-truth DVF and the DVF produced by the given
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registration. The optimal registrations were chosen based on the minimization of mean TRE.
Negative spatial Jacobian values, corresponding to non-physical deformations excluded a
registration parameter set from consideration.
4.3.1 Registration of only healthy parenchyma
upper lobe of the computational phantom

Testing began by registering only the

using the four intensity-based similarity metrics under investigation: SSTVD, SSRVD, SSD, and
MI. Since the upper lobe of the phantom preserves mass and contains highstructures to guide the registration, intensity-based metrics were expected to perform accurately
when the atelectasis was ignored. All parts of the image were masked from the registration cost
function and gradient calculations using a binary mask of the upper lobe, created automatically
by the MATLAB phantom generator. The cost function was composed of two metrics: the
similarity metric and the BE transform penalty. The similarity metric weights were set to 1.0 for
each resolution. The BE weights were optimized by logarithmically varying the weight for each
resolution between 1.0 and 10,000.0 with the constraint that the weight from one resolution to
the next either remained the same or increased in magnitude.
A total of 126 registrations were performed for each of the similarity metrics to optimize
the regularization weights. The four optimal registrations, based on mean DVF registration error
and the absence of negative spatial Jacobian values, are shown in Figure 4.1. The corresponding
cost function weights are provided in Table 4-1. A summary of DVF error is shown in Table 4-2.
The SSTVD metric provided the lowest mean error in the upper lobe (1.38 mm) when registering
only the upper lobe of the phantom and ignoring the remainder of the image. The SSRVD metric
was slightly less accurate on average (mean error of 1.42 mm) but had the lowest maximum error
(8.84 mm) of the four metrics. It was also noted that, while only the upper lobe was registered,
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MI provided the lowest mean error when averaging throughout the entire lung phantom (3.37
mm) indicating that the resulting deformations are localized to a greater degree than the other
metrics. This is also demonstrated in the spatial Jacobian map of Figure 4.1 (d).

Figure 4.1 Optimized registration results for the healthy upper lobe using the four similarity metrics of interest: (a)
SSTVD, (b) SSRVD, (c) SSD, and (d) MI. The left panel shows a complementary color overlay for the collapsed lower lobe
image and the deformed expanded lower lobe image, while the right panel shows the spatial Jacobian map of the same
slice.
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4.3.2 Registration of healthy parenchyma and atelectasis
The optimal parameters for the SSTVD registration of only the upper lobe were used as
the starting parameters for the next set of optimization tests. Using SSTVD to register the upper
lobe, a second similarity metric was added to the cost function to simultaneously register the
lower lobe which modeled atelectasis resolution. The lower lobe metrics were varied, in the same
manner as SSTVD in the previous optimization set, from 0.001 to 1.0. Again, since SSD lacked
normalization, the weights were reduced by a factor of 0.0001. Regularization was set to both 1.0
for all resolutions and 10.0 for all resolution for additional regularization.
More than 150 registrations were performed for each of the four similarity metrics. The
optimized cost function weights and resulting error statistics are shown in Table 4-1 and Table
4-2, respectively. The MI metric provided the highest registration accuracy of the similarity
metrics when used to register the atelectatic lobe, reducing the mean error throughout the entire
phantom from 5.08 mm when only registering the upper lobe with SSTVD down to 2.18 mm. A
similar improvement was seen in the 90th percentile error; however, only a slight decrease in
maximum error was observed, from 20.58 mm to 17.37 mm. The continual presence of large
errors despite large reductions in mean error suggests the registrations are still performing poorly
in some portions of the image. Figure 4.2 shows the registration results including error
magnitude maps. The region with the highest errors for all four similarity metrics occurs along
the inferior border of the lower lobe, also evident in the overlay images by the non-matching
lower lobe boundaries.
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Figure 4.2 Optimized registration results for the combined lobes : healthy upper lobe and atelectatic lower lobe using
SSTVD in the upper lobe and one of the four similarity metrics of interest in the lower lobe: (a) SSTVD, (b) SSRVD, (c)
SSD, and (d) MI. For the central coronal slice through the phantom, shown are the complementary color overlay for the
collapsed lower lobe image and the deformed expanded lower lobe image (left), the spatial Jacobian map (center), and the
DVF error magnitude map.
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4.3.3 Registration of lobe labels
The lobe label co-registration is hypothesized to aid in the large geometric changes
observed when atelectasis resolves and is expected to improve the intensity-only registration in
the case when the image pair being registered contains non-correspondence of structures (e.g. the
change from atelectasis to healthy lung parenchyma). First, the lobe label registration was
optimized using only lobe label images. Two lobe label registrations were tested, upper lobe only
and both lobes combined, in combination with two variations of the lobe label images, labels
ranging in value from 0 to 2 and the same labels scaled by a factor of 1000. The SSD metric was
used to calculate similarity on the lobe label images. For both registration tests, the lobe label
SSD weights were set to 0.0001 for all resolutions due to the lack of normalization for the SSD
metric in elastix. The bending energy weights were then varied from 1.0 to 10,000.0 such that the
weight either remained the same or increased from one resolution to the next. The optimal
registration was chosen based qualitatively on visual inspection of the registered lobe label
images and quantitatively on the mean DVF registration error. Registrations resulting in negative
spatial Jacobian values were disqualified from consideration.
Each of the four lobe label registration tests involved 126 registrations in order to
optimize regularization weights of the cost function. Optimized results of the lobe label
registrations are shown in Figure 4.3. Error details are given in Table 4-2 for optimized
parameters shown in Table 4-1. The original lobe label image, when both lobes were included in
the registration, achieved a mean DVF registration error of 2.19 mm even though no intensity
information was used to guide the registration within the lobe volumes; however, the small error
magnitude inside the lobe volumes is likely a consequence of the unidirectional deformation
between phantom images. The primary goal of the lobe label registration, namely the alignment
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of lobe boundaries, was achieved with the exception of the inferior-most corner of the upper lobe
which remained slightly misaligned as shown in Figure 4.3 (d).

Figure 4.3 Optimized registration results for the lobe label only registrations: (a) upper lobe only, (b) scaled upper lobe
only, (c) combined lobe label, and (d) scaled combined lobe label. For the central coronal slice through the phantom,
s lobe label and the deformed expanded
(left), the spatial Jacobian map (center), and the DVF error magnitude map.
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Differences between the registration results of the original label images compared to the
scaled labels images were minimal. Visual inspection of the overlays shown in Figure 4.3
revealed slight differences on the order of a few voxels. However, the differences were less
noticeable when comparing the DVF error. Mean and max errors for the scaled registrations, not
shown in Table 4-2, were 1.1 mm and 3.8 mm for the upper lobe only registration (evaluated
only in the upper lobe) and 1.94 mm and 21.90 mm for the lobe label registration, respectively.
Due to the similarity in results, it was decided to exclude the scaled lobe labels from further
testing in favor of the lobe labels with values on a scale from 0 10. With the lobe label
registration optimized, a label component was added to the intensity-based registration for
improved algorithm accuracy.
4.3.4 Registration of healthy parenchyma and lobe labels
Starting with the optimal cost function weights of the SSTVD registration of the healthy
lobe only, the lobe label SSD component was added such that the same ratio of SSD-toregularization penalty were maintained as found in the lobe label only registration optimization.
This gave the 6-resolution weight schedule of [1.0 1.0 1.0 1.0 0.1 0.1]. The registration was
optimized by determining the best scaling factor to apply to the lobe-label schedule, ranging
from 0.001 to 10.0. A total of 12 lobe label weight schedules were used to register the
computational lung phantom in combination with the SSTVD cost applied to the healthy lobe
and the BE penalty. The optimized cost function weights and resulting errors are shown in Table
4-1 and Table 4-2, respectively. The results, shown in Figure 4.4, achieved a mean DVF error of
1.13 mm in the upper healthy lobe, while the accuracy in the lower lobe decreased from 2.68 mm
for the lobe label only registration to 3.25 mm. This was a reasonable consequence of adding the
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intensity registration, as the lobe label registration only focuses on the region boundaries. With
the upper lobe registration accuracy improved, the focus was shifted to the lower atelectatic lobe.

Figure 4.4 Healthy plus lobe label results . Optimized registration results for the registration of healthy lobes with SSTVD
combined with the lobe label registration with SSD. For the central coronal slice through the phantom, shown are the
and the DVF error magnitude map.

4.3.5 Registration of healthy parenchyma, atelectasis, and lobe labels
As a final set of tests, different intensity-based similarity metrics, evaluated only within
the lower lobe which modeled atelectasis resolution, were added to the registration cost function
of Figure 4.4. The optimal registration parameters, in particular the cost function metric weights,
were combined from the previous test sets which included a lower lobe similarity metric. The
lobe label SSD metric weights were scaled by factors ranging from 0 to 10, totaling 9
registrations be similarity metric of interest. Details of the registrations chosen as optimal are
provided in Table 4-1 and Table 4-2. As illustrated in Figure 4.5, all four registrations were able
to obtain acceptable alignment of the computational lung phantom images. For all lower lobe
metrics, the largest errors were near the inferior-most corner of the upper lobe. This area
experienced the most displacement in the upper lobe and compression in the lower lobe and was
expected to be the most challenging region of the phantom. The MI metric, when used to register
the atelectatic lower lobe, provided the highest degree of accuracy. The error for the optimized
MI registration was 0.65 mm on average, smaller than the voxel size of 1 mm. The cause for
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limitation of computational phantoms in general. Nonetheless, all four similarity metrics will still
be tested on clinical data as the have been for the computational test case.

Figure 4.5 Healthy plus lobe label and atelectasis results . Optimized registration results for the registration of healthy
lobes with SSTVD, the lobe label registration with SSD, and the atelectatic lobe with one of four similarity metrics: (a)
SSTVD, (b) SSRVD, (c) SSD, and (d) MI. For the central coronal slice through the phantom, shown are the
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or magnitude map.

4.3.6 Registration in the presence of mass changes
The effect of mass change on the accuracy of the optimized registrations was investigated
using the two additional variations of the computational lung phantom: one in which mass was
decreased by 25% within the lower lobe and another in which mass was increased by the same
amount. Registrations which matched both the upper and lower lobes of the intensity images
were performed with and without the lobe label co-registration. The parameter sets chosen as
optimal in the previous sections were used to register the two phantom image pair in which mass
was not preserved. The results of the 25% mass loss phantom registrations are provided in Table
4-3, while the results for the 25% mass gain phantom are shown in Table 4-4. For all phantoms,
the registration which performed most accurately was the SSTVD metric for the healthy lobe, MI
for the atelectatic lobe, and SSD for the lobe label registration. Errors remained similar for each
registration as the degree of mass change was varied. While the registrations of the mass
preserving phantom were slightly more accurate than for the other two phantoms, this is likely a
consequence of the optimization being performed on the mass-preserving phantom rather than
difficulty for the registration algorithm to handle the mass changes.
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4.4 Feasibility of Registration for Atelectasis Resolution using Clinical Data
The computational lung phantom registrations demonstrated that the registration
algorithm was able to handle large geometric changes and mass differences under simple,
controlled conditions. Clinical images present additional challenges for image registration
compared to digital phantoms. The ground-truth deformations occurring between clinical scans
are largely unknown, forcing accuracy to be quantified based on sparse features or manuallyspecified correspondences. Additionally, the deformations and tissue changes occurring between
longitudinal scans are more complex than those modeled by phantoms. The occurrence of
various pathologies in the lungs of actual patients presents an additional challenge for
registration. In order to determine if the registration algorithm of this work can accurately
register patient data, testing on a clinical image patient was necessary. Due to the differences
between phantoms and patient data and the limitations of homogeneous regions of the phantom,
the goal of this section was to re-optimize the registration parameters on clinical data prior to
applying the registrations on all 18 patients.
4.4.1 Clinical Test Data
The patient chosen for feasibility testing was Patient 12, the subject on which the
geometry of the computational phantom was based, to determine if the accurate results obtained
in the phantom tests would translate to clinical data. Patient 12 experienced full resolution of
complete left lower lobe collapse, representing some of the largest changes observed in the 18
patient cohort used for the studies of this work. It was expected that if successful registration

registration algorithm to the remaining patients.
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The preparation of clinical data for all patients is described in detail in Section 5.2. The
result of the preprocessing was a rigidly registered image pair, aligned to bony anatomy, of
Patient 12 which was cropped to the bounding-box containing the lungs of both images. Since
only the lung parenchyma was of interest for the registration algorithm of this study, cropping
the images provided the added benefit of greatly reduced runtime. No advantage was imparted to
the tests of this section by cropping the input images aside from reduced demand on
computational resources when compared with the original images. The input data to the tests of
this section are shown in Figure 4.6.

Figure 4.6 Input data of Patient 12 for (a) the baseline scan set as the fixed image of the registration and (b) the midtreatment scan set as the moving image of the registration. The CT scans are shown in the left column, the lobe label
images are shown in the middle column, and the vesselness measure images are shown in the right column. For the lobe
label images, green voxels have a value of 5, red voxels have a value of 3, and blue voxels have a value of 1. (c)
Complementary color overlays of the fixed (magenta) and moving (green) images are provided to illustrate the degree of
initial misalignment due to differences in lung volume and changes in pathology.
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4.4.2 Registration of only healthy parenchyma
Preliminary testing revealed long registration runtimes of over 1 hour, with over 99% of
the time spent in the final resolution of 4 mm B-spline spacing. Based on landmark errors, the
final resolution was found to cause negligible change in the registration accuracy. Therefore, the
final resolution was removed. All registrations of this section involved 5 resolutions with Bspline spacings of 128, 64, 32, 16, and 8 mm. As with the phantom registrations, no smoothing
or downsampling was used. All parameters except for the cost function and its associated
weights remained fixed for all resolutions and registrations such as the number of iterations per
resolution (100) and the number of spatial samples (10,000). Mask erosion was also enabled in
elastix. Optimal registration parameters were determined based on mean, 90th percentile, and
maximum landmark errors and, when applicable, the dice similarity coefficient (DSC), which
quantifies the degree of overlap of two volumes, between the resulting deformed moving
atelectatic lobe and the lobe drawn by a physician on the fixed image.
Computational phantom testing of Section 4.3 determined that the SSTVD similarity
metric performed best in the healthy lung, achieving higher accuracy than SSRVD, SSD, or MI.
As such, it was decided to forego testing of the other three metrics and only use SSTVD. The
first optimization performed was the registration using SSTVD to register the healthy lobes of
patient 12 with the aid of the BE penalty and ignoring the atelectatic lobe completely. The major
challenge in this case was the large geometric changes experienced by the healthy parenchyma.
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Table 4-6 Summary of optimized registration accuracy for the patient 12 test case.
Cost Function Metrics
Healthy

Atelectasis

Label

Landmark Error (mm)
VM

Reg

Unregistered

Atelectatic Lobe

Mean

P90

Max

DSC

11.14

17.93

29.95

0.711

SSTVD

--

--

--

BE

2.34

4.41

19.66

0.791

SSTVD

SSTVD

--

--

BE

2.27

4.41

16.55

0.722

SSTVD

SSRVD

--

--

BE

2.33

4.21

17.01

0.754

SSTVD

SSD

--

--

BE

2.21

4.38

12.28

0.664

SSTVD

MI

--

--

BE

2.46

4.92

19.98

0.769

--

--

SSD

--

BE

5.02

9.22

12.98

0.964

SSTVD

--

SSD

--

BE

2.12

4.30

12.27

0.957

SSTVD

SSTVD

SSD

--

BE

2.10

4.24

12.06

0.956

SSTVD

SSRVD

SSD

--

BE

2.11

4.24

12.07

0.958

SSTVD

SSD

SSD

--

BE

2.10

4.12

12.11

0.954

SSTVD

MI

SSD

--

BE

2.11

4.12

12.11

0.954

SSTVD

--

--

SSD

BE

2.34

4.42

19.70

0.790

SSTVD

SSTVD

--

SSD

BE

2.22

4.03

15.27

0.728

SSTVD

SSRVD

--

SSD

BE

2.50

5.38

19.90

0.772

SSTVD

SSD

--

SSD

BE

2.78

6.57

18.09

0.533

SSTVD

MI

--

SSD

BE

2.38

4.39

20.20

0.776

SSTVD

--

SSD

SSD

BE

2.03

4.20

11.58

0.945

SSTVD

SSTVD

SSD

SSD

BE

2.01

4.27

11.37

0.952

SSTVD

SSRVD

SSD

SSD

BE

2.01

4.27

11.37

0.952

SSTVD

SSD

SSD

SSD

BE

2.00

4.22

11.62

0.948

SSTVD

MI

SSD

SSD

BE

2.00

4.22

11.62

0.948
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With the weight schedule for the healthy lobes SSTVD cost fixed at [1.0 1.0 1.0 1.0 1.0],
the BE regularization weights were varied from 0.01 to 100.0 such that the weight for a given
resolution was always greater than or equal to the weight of the previous resolution. This resulted
in 126 unique registration parameters and registrations. The optimal registration reduced mean
and maximum landmark error from 11.14 mm and 29.95 mm unregistered to 2.34 mm and 19.66
mm, respectively. The optimized cost function weights are listed in Table 4-5. Table 4-6
summarizes the quantitative registration accuracy measures for the optimal registrations. As
shown in Figure 4.7, registration of only the healthy lobes is insufficient to account for large
geometric changes and provide accurate correspondences for the normal ipsilateral lobe,
especially along the boundary of the atelectasis.

Figure 4.7 Optimized registration results of the healthy lobes only . Complementary color overlays are shown of the
baseline (magenta) and deformed mid-treatment (green) CT scans (left) and atelectatic lobe labels (center) for a
representative coronal slice. The spatial Jacobian map (right) is shown for the same slice.

4.4.3 Registration of healthy parenchyma and atelectasis
Using only the healthy lobes and ignoring atelectasis provides a baseline for accuracy
using a standard approach to the image registration problem, as atelectasis is often excluded from
the lung structures during radiotherapy planning, as discussed in the manuscript of Appendix III.
The goal of this work is to improve the accuracy of the normal lungs while providing a plausible
transform for the atelectatic tissue. Four sets of registration were performed to test the effect of
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adding one of the four intensity-based similarity metrics to register the atelectatic lobe. Starting
with the optimized weights for the healthy lobe registration, the atelectasis similarity term was
added. The weights of this new term were varied between 0 and 100 in the same manner as the
other tests in this section. For SSRVD, SSD, and MI, the regularization weight was also varied
between 1 and 10 for all resolutions simultaneously, as more regularization is usually required
when adding additional metrics. The optimal registration parameter set was selected based on
both landmark error and DSC of the atelectatic lobe.
The optimal registrations for the four atelectasis similarity metrics are shown in Figure
4.8, with specific details provided in Table 4-5 and Table 4-6. The majority of registrations failed
before completion for the metrics of SSTVD, SSRVD, and SSD, with SSD only 7 out of 252
registrations finishing. The elastix software has been designed to abandon a registration when too
many samples in the fixed image are mapped outside of a valid region in the moving image.
Observing the progression of the deformation over sequential iterations revealed that the failure
was due to the similarity metrics reducing the cost function by decreasing the overlap of the
atelectasis and expanded tissue. This behavior is illustrated in Figure 4.9. The optimal weights
for the registrations which ran to completion were relatively small or set to zero which
corresponds to the similarity metric having little-to-no influence on the registration. The
prevalence of registration failure and the small weights of the successful registration indicate that
the metrics are unsuitable for matching the atelectasis to the healthy lung parenchyma. While MI
experienced no registration failures, the optimal weights prevented the MI component from
driving the registration. Additionally, the errors when using MI were the largest of the four
similarity metrics.
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Figure 4.8 Healthy plus atelectasis results . Optimized registration results for the combined cost function of SSTVD for
the healthy lobes and one of four similarity metrics of interest for the atelectatic lobe. Complementary color overlays are
shown of the baseline (magenta) and deformed mid-treatment (green) CT scans (left) and atelectatic lobe labels (center)
for a representative coronal slice. The spatial Jacobian map (right) is shown for the same slice.

Figure 4.9 Failure of the SSD similarity metric when applied to the lobe experiencing atelectasis resolution.
Complementary color overlays from left to right: unregistered image pair, fixed and deformed moving pair after
resolution 1, 2, and 3. The cost is minimized by decreasing the overlap of atelectasis with the corresponding healthy
parenchyma, resulting in registration failure.
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4.4.4 Registration of vesselness measure images
In CT scans of the lung parenchyma, vessels constitute the majority of high-contrast
features within the lungs. A vesselness filter can be applied to a CT study to extract and enhance
vessel-like objects. Registration of vessel trees such as the ones contained in VM images provide
the registration algorithm with additional information about the features, i.e. vessel trees, for
which correspondences are desired. Co-registration of VM images via the addition of a SSD
metric to the cost function which is evaluated on VM images is expected to enhance the accuracy
and alignment of the vessels contained in clinical images.
The first test of VM co-registration was to add the VM SSD metric to the SSTVD
registration of the healthy parenchyma. The optimization was performed by varying the weights
of the VM SSD term from 1E-9 to 100.0 uniformly for all resolutions. The VM SSD metric was
also inserted into the cost function of the registrations using the four atelectasis similarity
metrics, and the registrations were optimized by varying the VM SSD weights per resolution
between 1E-6 to 1E-3. Along with the optimal weights and accuracy details of Table 4-5 and
Table 4-6, the qualitative results are shown in Figure 4.10. Only small changes were observed
with the quantitative accuracy metrics, but visible improvement was observed for vessels which
were initially misaligned as illustrated in Figure 4.11. Thus, the VM cost function component
was deemed worthy of inclusion in future registrations.
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Figure 4.10 Healthy plus VM and atelectasis results . Optimized registration results for the addition of the VM cost
function component to the previous registrations, varying the atelectatic lobe similarity metric. Complementary color
overlays are shown of the baseline (magenta) and deformed mid-treatment (green) CT scans (left) and atelectatic lobe
labels (center) for a representative coronal slice. The spatial Jacobian map (right) is shown for the same slice.
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Figure 4.11 Improvement of vessel alignment with the addition of the VM metric to the cost function. (a) unregistered, (b)
SSTVD for healthy lobes only, (c) SSTVD for healthy lobes plus VM, and (d) SSTVD for healthy lobes plus VM and lobe
labels.

4.4.5 Registration of lobe labels
The addition of co-registration of lobe labels was expected to address the registration
failures discussed in Section 4.4.3. The lobe labels represent constraints on the registration to
match the boundaries of the different lobes of the lung. Details of the lobe label image creation
can be found in Section 3.2.1 and later in Section 5.2. Briefly, each lung lobe was assigned a
different integer value, as shown in Appendix V. After some preliminary testing, the integer
assignments for lobes were adjusted, giving the largest value of 5 to the atelectatic lobe and to
maximize the intensity gradients between adjacent lobes. Thus, the lobe label images emphasized
the accuracy of the lobe experiencing pathology resolution.
In the same manner as previous optimizations, the best lobe label registration possible for
the given patient was found by using a lobe label SSD weight of 1.0 for all 5 resolution and
varying the BE penalty weights from 0.01 to 100.0. The weights from one resolution to another
were held constant. Mean landmark registration error and atelectatic lobe DSC were used to
determine the optimal parameter set. While the mean landmark error increased to 5.02 mm
compared to the 2.34 mm error of SSTVD in the healthy lung only, the results shown in Figure
4.12 (a) achieved the highest atelectatic lobe DSC (0.964) of any previous registration. Since the
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lobe labels contain no correspondence information within the volume being registered, mean
error was not expected to improve. Maximum error, however, did show a rather large decrease,
from 19.66 mm with SSTVD only to 12.98 mm with only the lobe label. Additional error details
and optimal weights are found in Table 4-5 and Table 4-6.

Figure 4.12 Optimized results for the lobe label . Complementary color overlays are shown of the baseline (magenta) and
deformed mid-treatment (green) CT scans (left) and atelectatic lobe labels (center) for a representative coronal slice. The
spatial Jacobian map (right) is shown for the same slice.

The lobe label registration was then combined with the SSTVD registration of the healthy
lobes. Using the optimized label SSD weights, SSTVD weights were varied from 0.1 to 100.0,
while BE penalty weights were adjusted from 10 to 50. For these tests and all optimizations
which follow, a single weight was used for all resolutions for a given cost metric. A total of 24
registrations were executed for the combined SSTVD and lobe label cost function. As illustrated
in Figure 4.12, the combined cost function substantially improved the alignment of vessels while
maintaining a high degree of overlap of the atelectatic lobe (DSC = 0.957). Mean landmark error
improved to 2.12 mm while retaining a low maximum landmark error of 12.27 mm which was
similarly observed for the label only registration.
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The atelectasis similarity metrics were added to the lobe label registration and optimized
by tuning both the newly added similarity metric weights and the regularization weights. As
reported in Table 4-6, the addition of the atelectasis similarity metrics had negligible impact on
the registration accuracy. Figure 4.13 illustrates that the registrations are, for the most part,
visually indistinguishable. Despite the similarity, these tests were included in the set to be
applied to all patient data, as the results may different from patient to patient, especially when
partial atelectasis resolution is involved.
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Figure 4.13 Healthy plus lobe label and atelectasis results . Optimized results for registrations using the healthy lobe
SSTVD metric, the lobe label SSD metric, and one of four atelectatic lobe metrics. Complementary color overlays are
shown of the baseline (magenta) and deformed mid-treatment (green) CT scans (left) and atelectatic lobe labels (center)
for a representative coronal slice. The spatial Jacobian map (right) is shown for the same slice.

4.4.6 Registration with all cost function components
The final set of testing involved adding all previously-tested components together in a
single registration. This involved the SSTVD metric applied to the healthy lobes, either one or
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none of four similarity metrics applied to the atelectatic lobe, and the SSD metric applied to both
the lobe label images and the VM images with BE regularization penalty on the transform. The
optimizations were performed by varying the VM weights and the regularization weights while
using the previously-determined optimal values for the healthy SSTVD component, the
atelectasis similarity metrics, and the lobe label component. For each optimization, a total of 39
registrations were made, and the best result was chosen based on landmark errors and DSC of the
atelectatic lobe. The results are provided in Table 4-5, Table 4-6, and Figure 4.14. Combining the
healthy SSTVD with both the lobe label component and the vesselness measure component
decreased the mean landmark error to 2.03 mm, an improvement over the 2.12 mm mean error of
only the lobe label and 2.34 mm mean error of vesselness measure alone. As with the previous
registrations, adding the atelectasis similarity metrics had negligible effect on the resulting
deformation.
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Figure 4.14 Full cost function results . Optimized results for registrations using the healthy lobe SSTVD metric, the lobe
label SSD metric, the vesselness image SSD metric, and one of four atelectatic lobe metrics. Complementary color
overlays are shown of the baseline (magenta) and deformed mid-treatment (green) CT scans (left) and atelectatic lobe
labels (center) for a representative coronal slice. The spatial Jacobian map (right) is shown for the same slice.
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4.5 Conclusion
Phantom testing was performed to develop a registration algorithm to register lung
parenchyma in the presence of large geometric changes and non-corresponding pathology. 2D
phantoms were used to better understand the components and parameters of the B-spline
intensity-based registration as implemented in the elastix software. 3D tests involving a
computational lung phantom with known deformations at every point were used to develop an
algorithm to accurately register images in which atelectasis resolution is present. A single
clinical image pair was used to determine the optimal parameter sets to perform the registrations
on atelectasis patient data. Accurate registration was obtained for the test subject. The findings of
the tests and optimizations of this chapter demonstrate the feasibility of applying the registration
algorithm to clinical data to obtain voxel-wise correspondences between longitudinal thoracic
CT studies.
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5. Registration Algorithm Benchmarking

5.1 Introduction
The feasibility of using the variations of the registration algorithm of this work has been
proven. Thus, the optimized registration parameters obtained in Section 4.4 were applied to the
remaining 17 atelectasis patients to test the effect of the different cost function components on
registration accuracy. Since the parameter optimizations were performed on one of the patients
experiencing complete resolution of atelectasis, it is anticipated that the excellent registration
results obtained for this patient will occur for the yet-untested subjects. This chapter described
data preparation and preprocessing for all patients. Then, registration results are presented.
5.2 Data
Preprocessing of the de-identified patient data was necessary before they could be used
for the deformable image registration study. In particular, the images to be co-registered with the
CT scans had to be created. This section details the preparation of data for input into the DIR
algorithm of this work.
5.2.1 CT Datasets
Image sets curated for use in the registrations of this work were gathered from locallyadvanced NSCLC patients enrolled in various longitudinal CT imaging protocols of Virginia

images were obtained from a database in MIM Maestro (MIM Software, Cleveland, OH).
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Prerequisites for patients were multiple CT studies, either breath-hold or 4DCT, during the
course of radiotherapy and the presence of atelectasis. One image pair per patient was selected
for registration that included an image obtained around the start of treatment and another
acquired mid-treatment at the time of greatest atelectasis change. Additional details are provided
in Section 2.A. of Appendix III.
The focus of this investigation is deformable image registration of lung parenchyma in
the presence of atelectasis resolution. Thus, rigid displacement had to be removed prior to
application of our DIR algorithm. Within the MIM software, rigid registration was performed
using the standard fusion tool to align the mid-treatment scan to the baseline scan based on bony
anatomy. Additional adjustment of the rigid registration was done using the box-based alignment
tool. Table 5-1 lists the rigid transform parameters which were applied to each image set. The
rigidly registered images were exported from MIM using in-house MATLAB extensions which
converted the DICOM images to Meta Image format.
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Table 5-1 Initial rigid transform parameters to align mid-treatment images to baseline images prior to deformable
registration

Rotation (°)

Translation (mm)

Patient

X

Y

Z

X

Y

Z

1

-0.240

-2.560

-1.910

-8.5

-3.41

1.31

2

-0.121

-0.636

-0.045

-33.39

0.85

14.15

3

1.738

-1.891

3.264

19.53

-3.99

-12.87

4

0.192

2.791

-3.419

23.67

31.37

-8.28

5

0.930

-1.600

-3.820

-4.54

8.54

-4.79

6

-0.355

-2.283

3.295

-8.85

13.38

61.71

7

0.542

0.553

0.962

-13.05

43.20

-12.72

8

-0.730

0.738

-0.381

-0.61

-8.29

42.00

9

1.080

2.230

-1.170

-2.11

30.32

36.41

10

1.79

1.34

-1.96

6.13

29.72

39.00

11

0.536

-0.608

-1.928

4.34

1.14

8.52

12

1.420

-0.950

0.45

-34.93

70.59

2.59

13

0.290

0.330

0.420

-10.31

26.17

-13.61

14

2.176

1.989

-1.345

19.97

-15.21

9.37

15

-1.116

0.706

1.017

37.068

-7.425

-56.161

16

-0.259

-1.397

-1.827

-5.32

10.39

2.64

17

-1.000

2.180

0.090

11.63

123.38

1.23

18

-0.380

0.630

0.630

8.36

-7.03

12.57

5.2.2 Lobe Labels
Contours for all thoracic structures including individual lobes were delineated using the
MIM software by radiation oncologists and were reviewed by the same experienced radiation
oncologist for consistency between image pairs prior to use. Contours were saved to binary
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masks in Meta Image format using in-house MATLAB extensions for MIM. Once extracted
from the database, the binary masks of contours of lung lobes were combined to form the lobe
labels used for the registrations of this work. The lobe label images consisted of each voxel
within a lung lobe being assigned an integer value. Lobe values were chosen to maximize the
intensity difference between adjacent lobes and to provide the largest value, and thus greatest
influence on the registration, to the atelectatic lobe.
Since the location of atelectasis varied from patient to patient, lobe label values were not
assigned uniformly. The lobe labels used for registrations in this chapter are illustrated in
Appendix VII. Left lobes were given an intensity of either 3 or 5, while right lobes were assigned
values of 1, 3, and 5. A value of 5 was preferentially assigned to lower lobes and 3 to upper lobes
due to the increased geometric changes along the diaphragm due to breathing and lung capacity
differences between images. In the majority of lobe label images, the highest value of 5 was
assigned to the lower lobes of both lungs due to the atelectasis occurring in one of the lower
lobes. The left and right lungs for a few patients came within a few voxels of each other, usually
in the anterior of the chest, and warranted reassignment of the contralateral lobe values to
prevent possible mis-registration from adjacent lobes having the same intensity. An example of
one such case is shown in Figure 5.1. The manual assignment of lobe values assured the
atelectatic lobe of each patient had the greatest influence on the lobe label portion of the
registrations.
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Figure 5.1 Lobe label intensity assignment for a patient with contacting left and right lungs in the anterior of the thorax.
While lower lobes were usually assigned the value of 5 and the upper lobes were assigned the value of 3, the contralateral
lobe assignments were reversed in a case such as illustrated to prevent potential registration errors due to the lobe labels.
The upper lobes of both lungs were initially assigned a value of 3 (left). The upper contralateral left lobe was changed to a
value of 5 to emphasize the boundary between lungs (right).

5.2.3 Vesselness Measure Images
The Jerman vesselness measure filter, previously described in Section 4.1, which was
implemented in ITK was used to generate the VM images for all images. The implementation
allowed the user to control three parameters to the filter,

min

max,

and nScales, which control the

smallest size, largest size, and number of intermediate sizes of vessel like objects to detect. Using
a high resolution CT scan (not part of the patient cohort for this study), the vesselness filter
parameters were optimized based on visual inspection. The filter accepts a binary mask in which
to confine the vesselness evaluation. A lung mask was provided, but erosion was deemed
necessary as the lung boundaries would often cause false positives for the filter. To prevent this,
the lung mask was eroded 0 to 3 times by 1 voxel in 3D and then used to generate a VM image.
Figure 5.2 shows that two erosions provided the best trade-off between exclusion of extra-pleural
signal and inclusion of small vessels along the distal borders of the lung.
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Figure 5.2 Effect of input mask erosion on the VM image resulting from the Jerman vesselness filter. The input lung mask
was eroded by 1 voxel in 3D to varying degrees to exclude non-vessel structures: (a) no erosion, (b) 1 erosion, (c) 2
erosions, and (d) 3 erosions.

Following the erosion study, a second optimization was performed on the filter
parameters to obtain the best-looking results based on visual appearance. Desired appearance
included connected vessels, from the larger vessels at the mediastinum to the smallest vessels at
the distal edges of the lung, and a lack of noise and fine, non-connected objects. The
parameter was varied from 0.2 to 1,

max

min

parameters ranged from 3 to 5, and nScales was set to

either 5, 10, or 15. Based on appearance and coincidence with vessels of the CT image, the
min
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max,

and nScales, respectively. VM

images for all patients were created using the optimal parameters and a mask which only
included healthy lobes and excluded atelectasis to assure correspondence between structures of
VM image pairs. The resulting VM images are shown in Appendix VII.
5.2.4 Cropped Data
The target of the DIR algorithm of this work is the lung parenchyma and non-tumor
pathology. Due to the low intensity of lung, inclusion of the entire anatomy of the thorax would
cause the registration to be driven by the high intensity structures such as bone and soft tissue. A
rigid registration was performed previously to bring the lungs into reasonable initial alignment.
Masks were used to focus only on the lungs for the deformable registration. Therefore, to reduce
computation time of the registrations without sacrificing accuracy or artificially aiding the
algorithm, the images were cropped to a bounding volume of the combined initial lungs plus a
margin of 10 voxels. The result of the cropping procedure is shown in Figure 5.3. All images for
a given patient were cropped identically.

Figure 5.3 Example showing before (left) and after (right) cropping of data to reduce image size.
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5.2.5 Landmark Subsets
Physician-specified landmark correspondences were obtained for all image pairs of the
study cohort, as described in Chapter 2. Subsets of the landmark sets were necessary to perform
analyses involving landmark error as a function location within the lung volume. A simple
MATLAB function was written to extract a subset from a given landmark set based on a binary

pair was included in the subset. This required the creation of binary masks for each of the regions
of interest for which landmark subsets would be extracted. Since proximity to pathology was of
primary concern, a volume containing the tumor and atelectasis was first made. The binary mask
of this volume was expanded by various amounts. The original volume was then subtracted from
the expanded volumes to create masks of rinds of varying thickness. The contralateral and
ipsilateral lung masks were also used. In total, 8 subsets of landmarks were generated: landmarks
within 10, 15, 20, 30, 40, and 50 mm; landmarks in the ipsilateral lung; and landmarks in the
contralateral lung. Figure 5.4 illustrates the subset regions for Patient 5 of the study cohort. The
landmark subsets enable analysis of registration error versus distance from proximity. With
landmark subsets generated, the registrations could be performed.
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Figure 5.4 Landmark subset regions for Patient 5: (a) contralateral lung, (b) ipsilateral lung, (c) <5 cm from pathology, (d)
< 4 cm from pathology, (e) < 3 cm from pathology, (f) < 2 cm from pathology, (g) < 1.5 cm from pathology, and (h) < 1 cm
from pathology.

5.3 Patient Tests
The optimized parameter set determined in Section 4.4 were applied to all image pairs of
the patient cohort. In total, 20 registrations were performed per patient. As time and resources
were limited, parameter sets were optimized by incrementally adding cost function components
and varying only the newly added weight in addition to the regularization penalty weight. An
illustration of the optimization order is shown in Figure 5.5. It was anticipated that the optimal
parameters for Patient 12 would translate to accurate registrations for the remaining 17 patients.
This, however, was not guaranteed as degree of mass change varied dramatically between
patients as well as the degree of atelectasis resolution and accompanying geometric changes.
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Figure 5.5 Parameter set optimization order and corresponding registration numbers for the 20 registrations tested on
the full clinical patient set. Healthy = healthy lobe SSTVD, Atelectatic = atelectatic lobe similarity metric (SSTVD,
SSRVD, SSD, or MI), VM = vesselness measure SSD, and LL = lobe label SSD.

Initial displacements of landmarks and DSC for the rigidly registered patient data are
provided in Table 5-2. Across all patients, the mean (stdev) of initial errors were 9.93 (5.48) mm,
18.19 (11.73) mm, and 30.67 (18.71) mm for mean, 90th percentile, and maximum landmark
errors, respectively. The mean (stdev) starting DSC was 0.607 (0.233). Over 44% of patients
have initial mean landmark displacements greater than 1 cm, and 50% of patients have DSC less
than 0.7. The large geometric changes present in the patient cohort are evident in the starting
displacements prior to deformable registration but after rigid alignment.
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Table 5-2 Initial landmark errors and atelectatic lobe overlap prior to deformable registration
Landmark Error (mm)

Atelectatic Lobe

Patient

Mean

P90

Max

DSC

1

16.49

35.64

66.03

0.279

2

8.94

15.21

23.78

0.711

3

8.87

21.57

39.75

0.870

4

25.96

54.95

79.18

0.350

5

10.59

18.69

28.08

0.291

6

10.50

18.91

40.69

0.429

7

15.25

25.27

50.00

0.436

8

12.88

19.96

28.95

0.812

9

8.47

12.62

16.54

0.666

10

5.20

9.47

21.77

0.585

11

11.48

18.26

27.35

0.111

12

11.14

17.93

29.95

0.711

13

5.29

8.35

17.22

0.789

14

2.86

5.04

7.04

0.641

15

9.22

15.56

20.67

0.808

16

6.41

12.39

24.49

0.752

17

5.41

11.59

22.01

0.837

18

3.76

6.03

8.56

0.847

Registration results are reported in Table 5-3. The results mirrored those of the singlepatient optimization of Section 4.4. Figure 5.6 shows box plots of mean landmark error for each
registration while Figure 5.7 shows the same plot for DSC. A clear improvement of both
accuracy metrics is noticeable between registrations which lobe labels (registrations 6-10 and 1620) from registrations which do not. The registrations using the full cost function of SSTVD for
the healthy lobes, SSD for the lobe label and vesselness measure image, and one or none of the
atelectatic lobe metrics were found to have the highest accuracy. For these registrations (16
through 20), the mean (stdev) of mean landmark error was 2.50 (1.16) mm, 2.80 (0.70) mm, and
2.04 (0.13) mm for no change, partial resolution, and full resolution, respectively. The mean
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(stdev) atelectatic lobe DSC score was 0.91 (0.08), 0.90 (0.08), and 0.89 (0.04), respectively.
These results demonstrate sub-slice thickness accuracy and excellent alignment of the atelectatic
lobe for all degrees of atelectasis resolution. Detailed registration results for all patients are
provided in Appendix VIII.
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Figure 5.6 Mean landmark error for patient registrations averaged across patients.

Figure 5.7 Average DSC taken across patients for all registration.
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Figure 5.8 Landmark error as a function of distance from pathology for registrations 16-20 across all patients.
Contralateral lung error is included for comparison only. Investigated pathology was tumor (top), atelectasis (middle),
and tumor and atelectasis combined (bottom).

The effect of distance from pathology on registration error was examined using the
regions shown in Figure 5.4. When using the full cost function (registration 16-20), mean and
90th percentile errors were found to have minimal variation with distance from tumor and
atelectasis, as shown in Figure 5.8. Large variability is present for landmarks within 10 mm of
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either the tumor or re-expanding lung, likely due to the small number of landmarks per patient in
this region. Mean error is largely unaffected by increasing distance, whereas maximum landmark
error increases. Since the values are cumulative with increasing distance from pathology, the
increasing max error indicates the largest errors occur far away from atelectasis.
5.4 Discussion
5.4.1 Accuracy Comparison
The optimized registrations were performed on all 18 atelectasis resolution subjects. The
accuracy results of Table 5-3 reflect the general findings of the previous tests involving
computational phantoms and the single-subject optimization. While mean accuracy of less than 2
mm was achieved only for a subset of patients, excellent improvement of alignment of the
atelectatic lobes resulted from the addition of the lobe label cost function component with DSC >
0.9 in most cases. Considering that the starting DSC was, on average, 0.6, the improvements
provided by the registration algorithm of this work are non-trivial.
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Variations of the algorithm of this work were able to achieve mean landmark errors of 2.5
2.6 mm when averaged across all patients. The highest accuracy (2.51 mm mean, 5.22 mm 90th
percentile, 0.907 DSC) was achieved using MI similarity metric for the atelectatic lobe in
combination with SSTVD for healthy lobes, and SSD for the lobe label and VM images. This
degree of accuracy was comparable to registration algorithms recently reported in the literature,
summarized in Table 5-4. In the table, studies are listed in order of increasing relevance to the
registration performed in this work. The first eight studies register inhale to exhale phases of
4DCT scans in which the only changes present are slight density and geometric differences due
to respiration. The next two are longitudinal registration studies but with the caveat that high
resolution images (slice spacing < 1.25 mm) were used for which lower registration accuracy is
expected compared to standard resolution scans (2-3 mm slice thickness). The remaining three
studies are most comparable to the algorithm developed here, though still none of the reported
results in the literature include atelectasis resolution or other significant large geometric changes.
While multiple studies report accuracy on the order of 1 mm, several considerations must be
made when comparing to the results reported in this work.
The presence of significant tissue changes such as atelectasis resolution, pleural effusion,
and radiation-induced damage is known to result in decreased registration accuracy or
registration failure for current state-of-the-art algorithms42, 79, 82. Over 60% of the studies
summarized in Table 5-4 report accuracy of registration between different respiratory phases of a
4DCT study. The DIRlab dataset was commonly used which consists of inhale-to-exhale image
pairs where the tumor is sometimes not within the lung volume at all and where no atelectasis or
other non-tumor pathology is present43. For such cases, topology is preserved and large
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geometric changes are absent; the registration must only account for periodic respiratory motion
and slight changes in lung density, as mass is preserved as well.
The studies using longitudinal data also had important differences with the current work.
Nielsen et al. used lymphoma patients for which large tumors were absent from the lung
volume84. Neither Cazoulat et al. or Stützer et al. included patients with atelectasis, though the
images used by Cazoulat did contain some tumor regression75, 82. The difference in difficulty
from intramean registration error of their algorithm from 1.0 mm using the DIRlab data to 2.9 mm using
longitudinal data82. Additionally, 2 of the 5 studies using longitudinal data, and had highresolution CTs available with slice thicknesses less than 1.5 mm.
had 2 mm slice thickness, while the remaining 14 image pairs had 3 mm slice thickness. Finer
resolution input data can easily result in improved registration, a likely explanation for the
decrease in accuracy from the computational phantom results to the results using clinical patient
data in this work.
Large geometric changes, absent from most studies of Table 5-4, occurred within image
pairs of the tests performed in this chapter. Yin et al. reported an average change in lung volume
between images being registered of 3.6% (maximum of 7.2%)70. The longitudinal registration
study of Vlachopoulos et al. consisted of patients with similar volume changes of 4.34% ± 2.8%
on average73. The set of 6 patients used in the study by Cazoulat et al. experienced a mean lung
volume change of 8.0% and a mean tumor volume change of 29.5%75. Across the 18 patients
with atelectasis resolution used in the current work, mean (stdev) lung volume change was 9.5%
(8.8%) for all lobes combined and 10.6% (8.7%) for the healthy lobes. Tumor regression was
also substantial, with a mean (stdev) change in GTV volume of -39.2% (26.7%). Since the
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patients of this study present a much more challenging registration problem and patients with
atelectasis resolution were excluded from some studies of Table 5-4, direct comparison of
registration accuracy cannot be made fairly with findings previously reported in the literature.
5.4.2 Utility of Cost Function Components
Statistical analyses were carried out to determine if the algorithm cost function
components were significantly improving registration results. For all tests, the Wilcoxon signedrank test was performed due to the small sample sizes involved. Registrations involving the lobe
label SSD component (6 through 10 and 16 through 20) were compared against registrations
without a lobe label component (1 through 5 and 11 through 15) to determine to impact on
accuracy of adding the co-registration of label images. Mean registration error and DSC score
were 4.75 mm and 0.679 without the lobe label and 2.68 mm and 0.907 with the lobe label.
Statistically significant improvements in mean landmark error (p=1.355E-5), 90th percentile
landmark error (p=2.735E-6), and atelectatic lobe DSC (p=0) when the lobe label component
was used. The change in maximum error was no significant (p=0.177). When adding the VM
component to the cost functions of both label registrations and non-label registrations, no
statistical change in accuracy metrics were observed.
The inclusion of an intensity-based similarity metric within the atelectatic lobe was
compared to exclusion of the extra cost function component. When no metric was used, the mean
landmark registration error was 2.58 mm and the mean atelectatic lobe DSC was 0.877 for the
registration including all other components (registration 16). When any of the four candidate
metrics were added, landmark error dropped to 2.51 mm and the DSC increased to 0.907. These
differences were not significant for mean (p=0.95), 90th percentile (p=0.94), and max errors
(p=0.97) or for DSC (p=0.49). Despite the inconclusive statistical tests, the slight decrease in
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error and increase in DSC suggested that one of the four atelectatic lobe metrics should be used,
especially since registration speed was not hindered by the additional cost component.
The vesselness measure cost function component was not found to have a significant
impact on landmark error for mean (p=0.052), 90th percentile (p=0.11), and max (p=0.66) errors
or for the atelectatic lobe DSC score (p=0.14). This could be the result of the SSTVD cost
accurately matching vessels within lung parenchyma already, rendering the VM cost ineffective.
However, landmark error may be biased against reflection of VM improvements as landmark
placement is primarily made on high-contrast, easily-identifiable vessel bifurcations which
should be more easily registered with SSTVD. Furthermore, qualitative improvements are
evident for many patients in the study cohort, as illustrated in Figure 5.9.

Figure 5.9 Qualitative improvements in vessel alignment from no VM cost function component (top) to inclusion of VM in
the cost function (bottom).

5.4.3 Limitations
The registration algorithm was successful in the majority, but not for all, of the patient
cases. The primary reason for failed registration was a dramatic change in atelectatic lobe shape
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coupled with poor initial overlap. In such cases, an insufficient number of image samples
mapped between the corresponding atelectatic lobes preventing the optimizer from correctly
deforming the region corresponding to the atelectasis. Only 5 patients experienced at least one
failed registration. Figure 5.10 illustrates the initial alignment following rigid registration of data
for patients in which at least one registration failed due to complete misalignment of the
atelectatic lobe. For Patient 5, all registrations failed which included an atelectatic lobe similarity
metric without including the lobe label component, amounting to 50% of the registrations. With
the exception of cases where atelectatic lobe volume change is accompanied by dramatic shape
change (Patient 4, Figure 5.10 upper left), registration failure may be prevented by initial rigid or
affine alignment of the atelectatic lobe masks rather than alignment of bony anatomy as was
done for the patients of this study.

Figure 5.10 Overlay of rigidly-registered CT images and atelectatic lobes for patients in which at least one registration
failed: Patient 4 (top left), Patient 5 (top right), Patient 10 (bottom left), and Patient 11 (bottom right).

Patient 4 had registrations were able to run to completion, but large landmark errors were
observed. The ipsilateral lung in this case was too misaligned initially for both the SSTVD
metric in the healthy lobes and the intensity metrics for the atelectatic lobe. The lobe label
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component was not able to improve the results as shown in Figure 5.11, despite the contralateral
lung appearing well-aligned. As such, Patient 4 was excluded from the results except for the
failure rate column of Table 5-3. Two completed registrations of Patient 1 were also flagged as
failures due to their outlying mean landmark errors in excess of 3 cm, also shown in Figure 5.11.

Figure 5.11 Examples of excluded results for registrations which completed but failed to register the lung parenchyma.
Patient 1 (left) had two registrations fail in the manner shown. All of the registrations for Patient 4 (right) failed to
register the ipsilateral lung.

While residual errors for some patients and subsets of landmarks remained large, further
investigation was warranted. The landmark comprising the 10% largest errors for each
registration were investigated to determine their location within the lungs. For half of the patients,
over 75% of the landmarks with the largest errors resided in the ipsilateral lung, as expected.
Eight patients experienced between 25% and 50% of the worst errors in the contralateral lung. In
one patient, none of the largest errors were in the ipsilateral lung. Examples of results from each
of these categories are shown in Figure 5.12. These results indicated that the pathology was only
the primary contributor to registration error in half of the patients.
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Landmark error variation across patients for landmarks within 15 mm of pathology is
illustrated in Figure 5.12 for the full cost function registrations (registrations 16-20). From the
histogram of errors, it is evident that registrations for one patient (Patient 1) experienced
difficulty close to the pathology. The mean error distribution for the remaining patients was
centered about the slice thickness for most scans of 3 mm. It was clear that registration error near
pathology was larger for some patients than others, though not necessarily based on the degree of
atelectasis resolution.

Figure 5.12 Worst 10% error investigation . Examples of patients in which the largest 10% of landmark errors were
primarily in the ipsilateral lung (left), equally split between ipsilateral and contralateral lungs (center), and exclusively
within the contralateral lung (right). Results are shown for registration 20 (full cost function with MI as the atelectatic
lobe similarity metric).
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Figure 5.13 Registration error of landmarks within 15 mm of pathology for the full cost function registrations
(registrations 16-20). One patient experienced exceptionally large errors close to pathology (Patient 1) for both mean and
90th percentile error.

5.5 Conclusion
A deformable image registration algorithm was developed to address the outstanding
problem of longitudinal registration in the presence of large geometric changes and noncorrespondences of intensity. The algorithm was tested on a set of 18 locally-advanced NSCLC
patients presenting with atelectasis at the start of treatment and experiencing varying degrees of
pathology resolution throughout the course of treatment. The algorithm included a lobe label cost
function component for robustness to large geometric changes. A mass-preserving similarity
metric was applied to the healthy parenchyma where tissue correspondences were not in question.
Several similarity metrics were applied to the atelectatic lobe to enhance the likelihood of
reasonable deformation, with mutual information providing the highest accuracy. Vesselenhanced images were co-registered for fine improvements of the vasculature alignment.
Accuracy comparable to registration results reported in the literature was obtained when using all
components of the algorithm together.
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6. Conclusion

The goal of this dissertation work was to develop a deformable image registration
algorithm to perform accurately when large geometric changes and non-correspondences of
atelectasis resolution are present between the image pair.
The first aim of the project was to develop a computational phantom modeling atelectasis
resolution in order to develop the registration algorithm. Tissue changes as a result of lung reaeration were examined on a lobe-wise basis for a set of 18 clinical patients. While volume and
density changes were as expected when transitioning from the small, high-intensity region of
collapsed lung to the large, low-intensity state of normal lung parenchyma, mass loss was found
for partially-resolving lobes and large variability in mass change was found for fully-resolving
lobes. These mass changes, which present challenges for registration algorithms, were then
incorporated into a computational phantom modeling full resolution of atelectasis. Multiple
variations of the phantom were created to test the varying degrees of mass change observed in
the patient population.
The second stage of the project was to build a registration algorithm which could account
for the challenges presented by patients with atelectasis resolution. A registration algorithm with
a multi-component cost function was tested using the phantom of the first aim. The cost function
used a mass-preserving similarity metric for the healthy lobes of the patient, co-registered vesselenhanced and lobe label images, and included one of five similarity metrics for the atelectatic
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lobe. This complete registration cost function successfully obtained voxel correspondences for
the computational phantoms, demonstrating feasibility of the algorithm to account for large
geometric changes. The registrations were then performed on the clinical images of the subject
on which the computational phantom geometry was modeled in order to tune the registration
parameters. Parameter set optimization resulted in accurate and reasonable deformation vector
fields for the test subject.

18 atelectasis patients using the optimized parameter sets of the second aim. The subject set
encompassed the complete range of atelectasis change, with five patients having little to no
change, four patients having full resolution, and nine patients with substantial but incomplete
resolution. The final cost function registrations resulted in residual landmark errors of 2.5 mm,
2.8 mm, and 2.04 mm for no change, partial resolution, and full resolution patients, respectively.
The overlap of the atelectatic lobes in these subsets, quantified by DSC, was 0.91, 0.90, and 0.89,
respectively. Registration errors for all resolution types were less than slice thickness of the input
images and similar to results reported in literature after accounting for the added challenges of
the patient subset used in this work. The lobe label component of the algorithm was deemed
necessary to account for the large geometric changes. While not statistically influential on the
accuracy, due to small sample size, the vessel-enhanced image co-registration and inclusion of a
similarity metric for the atelectatic lobe appeared to decrease registration error and are
recommended for use in future studies.
The ideal registration algorithm would be fully-automatic without the need for user input
at any stage of the process aside from the unprocessed images to be registered. The registration
algorithm which has been developed here requires lobe delineations as initial input.

138

Development of automatic segmentation methods for lung lobes is an active area of research
which would enable the registration algorithm to be fully automatic. However, atelectasis
resolution and other lung pathologies present segmentation algorithms with similar difficulties.
The atelectasis resolution registration algorithm obtained similar accuracy to state-of-theart algorithms reported in recent literature. Yet, even greater accuracy is recommended for use in
dose accumulation for clinical treatment. In an effort to improve the results of this algorithm,
additional parameter optimization may be necessary. The patients with full resolution
experienced the smallest residual errors despite having the greatest changes and, therefore, being
the most challenging subset. This is likely due the optimization procedure of the second aim
being performed on a full resolution patient. These findings suggest the need to have optimized
parameter sets for multiple atelectasis resolution types. It would be reasonable to, at a minimum,
tune parameters for the three categories of resolution used in this project, namely no change,
partial resolution, and full resolution. Time requirements could even permit a patient-specific
parameter tuning process which would be aided by automatic feature extraction tools for error
quantification. Most of the proposed improvements of this section are not only limited to the
algorithm developed in this work but also equally worthy efforts for any registration algorithm in
general.
While datasets exhibiting atelectasis resolution are often excluded from registration
algorithm accuracy assessments, these challenging cases were the focus of this work. Patients
experiencing large geometric changes during the course of radiotherapy are prime candidates for
adaptive radiotherapy to account for the tissue changes, but accurate deformable image
registration is a necessary requirement. The registration algorithm described in this work may
offer such patients the option of adaptive radiotherapy and enhanced precision of treatment.
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Appendix I

Instructions given to observers on the use of the isiMatch software to generate landmark
pairs in the lung.
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GUIDE TO CREATING LANDMARK PAIRS WITH IX
CLG - LAST UPDATED 05/21/2016

About iX ..................................................................................................................................................................................................... 1
Using the Distinctive Point Finder .............................................................................................................................................................. 2
File Setup ............................................................................................................................................................................................... 2
Running the Generator .......................................................................................................................................................................... 3
Using the Matching Points Annotator ....................................................................................................................................................... 5
Opening a Patient .................................................................................................................................................................................. 5
Matching Points ..................................................................................................................................................................................... 7

ABOUT IX
User-specified landmarks are treated as ground-truth and the ‘gold standard’ for evaluation of deformable image registration error.
Image eXplorer (iX) is software which assists the user in creating landmark pairs between sets of intra-subject CT images. The
software is described in the publication `Semi-automatic construction of reference standards for evaluation of image registration', K.
Murphy, B. van Ginneken, S. Klein, M. Staring, B.J. de Hoop, M. A.Viergever and J. P. W. Pluim and may be downloaded from the
following website: http://isimatch.isi.uu.nl/
iX has two main components: the distinctive point finder (DPF) and the matching points annotator (MPA). First, an image is
processed by the DPF to automatically select 100+ distinctive points in one of the images of the pair. Points are chose based on the
‘distinctiveness’ of their intensity from surrounding voxels. For the lung, landmarks mostly occur on vessels and vessel bifurcations.
The MPA takes the distinct points found by the DPF and provides a graphical user interface in which the user, or ‘observer’, locates
and marks the corresponding location of each point in the other CT image of the pair. The MPA creates a model of the deformation
between the two CT images based on the landmarks the user specifies and tests the model against subsequent matches the user
makes. Once enough of the model’s guesses match the user’s matches, the software asks the user if it should match the remaining
points automatically. While automatically matched points still require observer review, considerable time can be saved via
automatic matching.

1

USING THE DISTINCTIVE POINT FINDER
FILE SETUP
1. CREATE THE DIRECTORY STRUCTURE
The user must first create the correct tree of directories before either the DPF or MPA are used. Shown below in Figure 1 is the final
directory structure for a given image pair. For the DPF, the directories labeled in BLACK must be present. All names in and including
< > can be any valid file name specified by the user, but the directory containing masks MUST be named ‘seg-lungs-256’.

Figure 1Final directory structure of a landmarked image pair using iX. Entries shown in black must be created by the user and present before running the
Distinctive Points Finder. Entries in red, in addition to entries in black, must be present prior to using the Matching Points Annotator. Entries in green are created
by the Distinctive Points Finder. Entries in purple are created by the Matching Points Annotator.

2

2. CREATE A .RGN FILE
The .rgn file specifies the fixed and moving CT scans of the image pair. The file has the following format:
Scan_Fixed->Location=\\Path\To\<landmark set directory>\scans\<baseline scan name>.mhd
Scan_Fixed->DateTime=
Scan_Fixed->Description=
Scan_Moving->Location=\\Path\To\<landmark set directory>\scans\<followup scan name>.mhd
Scan_Moving->DateTime=
Scan_Moving->Description=
Pair->PatientID=
Pair->ScansTimeDiff=
All lines shown above are required, but only the fixed and moving image locations are required to have values (after the = ). The
fixed image is the baseline scan on which the DPF is used. It does not matter which image of the pair is chosen as the fixed scan.
Place the .rgn file in the ‘<image pair name>’ directory, as shown in Figure 1.

3. ADD A MASK
A mask image can be provided to indicate where in the baseline scan the DPF should search for points. The mask must be placed in
the directory named ‘seg-lungs-256’ as shown in Figure 1. The mask must also be named identically to the baseline scan.

RUNNING THE GENERATOR
1. COMMAND LINE CALL
The DPF binary is found in the ‘bin’ directory of the downloaded iX package and called ‘DistinctivePointCalculator.exe’. The first and
only required argument is the path to the .rgn file. Important optional input arguments for the generator are described in Table 1.
An example call might look like the following:
DistinctivePointCalculator.exe \Path\To\<landmark set directory>\<image pair name>.rgn –useMask 1 –maskFileExtension mhd
–gradientDiscardThreshold 100 –numPoints 150 –everyNthSlice 1
This will result in the generation of the ‘<baseline scan name>.dat’ file in the ‘distinctivePoints’ directory. As long as at least one
distinctive point was found, the MPA can then be used to match the landmarks.
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Table 1 Important optional parameters of DPF

Argument Name
everyNthSlice
useMask
maskFileExtension
minValMaskedObject
maxValMaskedObject
lungBoundaryDist
gradientDiscardThreshold
numPoints

skipExisting

Description
Point search will be limited to every Nth axial slice.
Whether a mask is used.
File extension of the mask, if used.
Minimum value in the mask image which should be included in the
search region.
Maximum value in the mask image which should be included in the
search region.
Number of mm from the mask border to ignore in search region.
Minimum value a point’s gradient must have to be considered
‘distinctive’
Maximum number of distinctive points to return. If more than the
specified number are found, the least distinctive points will be
discarded.
Skip point generation if a distinctivePoints.dat file is already present.
Either 0 or 1.
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Valid Range
[1,20]
[0,1]
---

Default Value
5
0
tif
1

--

1

[0,20]
[0,1000]

5
300

[1,500]

100

[0,1]

0

USING THE MATCHING POINTS ANNOTATOR
OPENING A PATIENT
1. FIND AND RUN THE EXECUTABLE
Currently at VCU, the iX program can be started from any Windows machine with access to Kodiak. IMPORTANT: Kodiak MUST be
mapped as the Z: drive. Browse to \\Kodiak:\PHYSICS\cguy\ix\bin\ and run the ‘ix.exe’ file located there. Once loaded, the program
will display a grey background as shown in Figure 2.

Figure 2 Start-up screen for the iX program.

2. OPEN THE MATCHING POINTS ANNOTATOR
On the menu bar, click ‘View’ and select ‘Matching Points Annotator, as shown in Figure 3.

Figure 3 Opening the Matching Points Annotator.

This will open the MPA module. Once loaded, maximize both the outer ‘imageXplorer’ window AND the inner ‘Matching Points
Annotator’ window, and shown in Figure 4.
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Figure 4 Maximization of both windows: imageXplorer and Matching Points Annotator.

3. SELECT THE APPROPRIATE LANDMARK SET
The landmark set selection menu is shown below in Figure 5.

Figure 5 Landmark set selection menu.

Click ‘Browse’ and navigate to the ‘<image pair name> directory (see Figure 1) of the desired landmark set. You will know you are in
the right location if you see the .rgn file listed under ‘Files:’ as shown in Figure 6. Once confirmed that the correct directory has been
selected, click ‘OK’.

Figure 6 Browsing to a landmark pair directory. A valid directory is indicated by the presence of a .rgn file in the 'Files' list.
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4. CHOOSE AN OBSERVER
Click the ‘Proceed to Load Users’ button to detect any users who have previously worked on the selected landmark set. Either select
a user from the list to continue working or enter a new user name in the text box under ‘I’m new, add me to the list!’ and click the
‘Add Me!’ button to start a new landmark pair set.

Figure 7 User/observer selection options.

5. CHOOSE A LANDMARK SET
Multiple sets of landmarks can exist for each image pair. To select which to open for matching, click the ‘Load Scan Pair List’. This will
display all landmark sets matched by the selected user for the chosen image pair and the number of points currently matched in
each. Be sure to select the landmark pair in the list, as shown in Figure 8, then click ‘Load Pair’. The points and CT images will be
loaded, allowing the user to specify correspondences.

Figure 8 Landmark set selection.

MATCHING POINTS
1. ADJUST WINDOW/LEVEL
Once the CT images and initial points have been loaded, the first step is to adjust the window/level settings so that the features
being matched have optimal contrast. For the lung, this usually corresponds to a window of 1300 HU and a level of -350 HU. The
window/level settings for each loaded scan can be set using the boxes in the upper-right corner of the MPA interface, as shown in
Figure 9.

7

Figure 9 Adjustment of window/level.

Once the desired W/L values are input into the dialog boxes, click the ‘>’ button to apply them. NOTE: For some VCU images, the
optimal W/L values will differ. If the two images appear mostly white with faint anatomy visible, as shown below in Figure 10,
changing the level from -600 HU (default) to 600 HU gives reasonable contrast. Finer adjustments may be performed if desired.

Figure 10 Adjusting window/level settings for VCU images. Changing level from -600 HU to 600 HU corrects the poor initial contrast.

2. FEATURES OF THE INTE RFACE
The MPA interface displays the baseline CT along the top row in three different view (sagittal, coronal, and axial). The followup
image is displayed in the same manner along the bottom row. Landmarks are displayed as cross-hairs. Red cross-hairs indicate the
current point, while other points are either hidden or shown in green. Useful features are discussed below.

A. NAVIGATION TOOLS
-

To scroll through slices of the CT image, use the scroll bar along the right-hand side of each view.
To quickly return to the current point in the baseline , click the ‘Show Landmark’ button.
If the current landmark has been matched in the followup scan, clicking the ‘Show Chosen’ button will instantly change
all views to be centered on the specified point.
To zoom in/out of both images simultaneously, use the ‘Zoom on Point’ bar. IMPORTANT: Zoom out fully before
switching between current points (otherwise, zoom out may not work).

B. LANDMARKING TOOLS
-

Left-clicking anywhere in the followup image (bottom row) will place the corresponding point. To move the location of
the corresponding point, simply click a new location in any of the followup views.
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-

-

The ‘<<’ and ‘>>’ buttons can be used to change the current point.
Use the ‘next unmatched >>’ button to skip to the next point that needs matched.
Use the ‘Clear Chosen Point’ button to remove the chosen correspondence of the current point.
If a point was very difficult to match and there is still reasonable uncertainty, check the ‘Very Unsure’ box before
moving to the next point. This will flag the match as being uncertain and prevent the point from influencing the automatch model.
Checking the ‘show all points’ box will display all distinctive points on the currently visible baseline slices. The current
point will always be red, while all other points will be green.
If both ‘show all points’ and ‘in every slice’ boxes are checked, every point in the set will be projected onto the
currently visible slices.

3. STRATEGY FOR MATCHING POINTS
The following strategy can be used to systematically match points.
i.

Roughly estimate the location of the landmark in the followup image using the default zoom level (Figure 11).

Figure 11 Make a rough estimate of the corresponding point location at the lowest zoom level.

ii.

Increase the zoom level, and adjust the matched point as necessary (Figure 12).
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Figure 12 Gradually increase the zoom level, making adjustments fo the corresponding point location as necessary.

iii.
iv.
v.
vi.

In the case of lungs, follow the vessel tree back to the major vessels near the mediastinum in the baseline scan.
Locate the same section of vessels in the baseline image.
Then simultaneously follow the vessels in both scans back out to the current point
Place the corresponding point in the followup image.

Steps iii – vi are illustrated in Figure 13. Continue matching points, using the matching strategy as necessary, until all points have
been matched or the software offers to match remaining points.
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Figure 13 Method for matching difficult lung points. (a) Starting at the current point, trace the vessel tree back to major vessels near the mediastinum. (b) With the followup scan set to the same slice as the baseline
scan, slowly step each view back to the current point.
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4. AUTOMATIC MATCHING
A. HOW IT WORKS
iX builds a model of the deformation between the two scans necessary to match the point pairs specified by the observer. As more
points are matched, the model is updated to best fit the user matches of all specified point pairs. After about 3 points, the software
begins guessing where the current point will be placed in the followup image according to its current model. When the user
matches the current point, the software compares its guess with the user’s choice. After 20-30 correct guesses by the software’s
model, a ‘Rest Automatic’ button will appear beside the followup scan, as show in Figure 14, and the user can match the remaining
points automatically using the software’s deformation model. NOTE: If the deformation between the two CT scans is sufficiently
complex, the automatic matching option may never appear.

Figure 14 The 'Rest Automatically' button will appear once the software is confident in its deformation model.

B. USING AUTOMATIC MATCHING
After the software is confident with its deformation model, the ‘Rest Automatic’ button will appear below the ‘Clear Chosen Point’
button. By clicking this button, the software will attempt to place all remaining points. The number of points automatically matched
and the number of points the software failed to match are displayed below the ‘Rest Automatic’ button, as shown in Figure 15.
Automatically matched points still require observer review. Likewise, any points which failed to automatically match will need to be
placed manually.

Figure 15 Results of automatic matching feature.
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C. REVIEWING AUTOMATIC MATCHES
To review points automatically matched by the software, click the ‘1st Auto/Unmatch’ button. This will skip to the first point
automatically matched. Inspect the placement of the followup point, adjusting as necessary. If the software did well placing a point
and it already appears to be in the correct location, click in one of the followup views and replace the point in the same location. By
doing so, the point will no longer be marked as ‘auto-placed’, and you can now use the ‘1st Auto/Unmatch’ button to move to the
next point needing review.
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Appendix II

Representative coronal and sagittal slices of complementary color overlays for the
baseline (magenta) and landmark-deformed mid-treatment (green) images for all landmarked
image pairs at the completion of the landmark set QA process. For patients with repeat imaging,
only the first image pair was landmarked.
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Appendix III

Effect of atelectasis changes on tissue mass and dose during lung radiotherapy
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Effect of Atelectasis Changes on Tissue Mass and Dose during Lung Radiotherapy
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Purpose: To characterize mass and density changes of lung parenchyma in non-small
cell lung cancer (NSCLC) patients following mid-treatment resolution of atelectasis
and to quantify the impact this large geometric change has on normal tissue dose.
Methods: Baseline and mid-treatment CT images and contours were obtained for 18
NSCLC patients with atelectasis. Patients were classified based on atelectasis volume
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reduction between the two scans as having either full, partial, or no resolution. Relative mass and density changes from baseline to mid-treatment were calculated based
on voxel intensity and volume for each lung lobe. Patients also had clinical treatment
plans available which were used to assess changes in normal tissue dose constraints
from baseline to mid-treatment. The mid-treatment image was rigidly aligned with
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the baseline scan in two ways: (1) bony anatomy and (2) carina. Treatment parameters (beam apertures, weights, angles, monitor units, etc.) were transferred to
each image. Then, dose was recalculated. Typical IMRT dose constraints were evaluated on all images, and the changes from baseline to each mid-treatment image were
investigated.
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Results: Atelectatic lobes experienced mean (stdev) mass changes of -2.8% (36.6%),
-24.4% (33.0%), and -9.2% (17.5%) and density changes of -66.0% (6.4%), -25.6%
(13.6%), and -17.0% (21.1%) for full, partial, and no resolution, respectively. Mean
(stdev) of dose changes to spinal cord Dmax , esophagus Dmean , and lungs Dmean
were 0.67 Gy (2.99 Gy), 0.99 Gy (2.69 Gy), and 0.50 Gy (2.05 Gy), respectively,
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for bone alignment and 0.14 Gy (1.80 Gy), 0.77 Gy (2.95 Gy), and 0.06 Gy (1.71
Gy) for carina alignment. Dose increases with bone alignment up to 10.93 Gy, 7.92
Gy, and 5.69 Gy were found for maximum spinal cord, mean esophagus, and mean
lung doses, respectively, with carina alignment yielding similar values. 44% and 22%
of patients had at least one metric change by at least 5 Gy (dose metrics) or 5%
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(volume metrics) for bone and carina alignments, respectively. Investigation of GTV
coverage showed mean (stdev) changes in VRx , Dmax , and Dmin of -5.5% (13.5%),
2.5% (4.2%), and 0.8% (8.9%), respectively, for bone alignment with similar results
for carina alignment.
Conclusions: Resolution of atelectasis caused mass and density decreases, on aver-
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age, and introduced substantial changes in normal tissue dose metrics in a subset of
2

the patient cohort.

a)

Electronic mail: geoffrey.hugo@vcuhealth.org
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I.

INTRODUCTION

Obstructive lobar atelectasis, the collapse of lung tissue due to restricted airflow, commonly occurs in non-small cell lung cancer (NSCLC) patients with centrally located tumors1 .
45

Initial atelectasis presentation rates for patients undergoing external beam radiotherapy have
been reported to range between 10% and 40%2–5 . During the course of radiotherapy, tumor
regression or progression can cause changes in atelectasis, either resolution or expansion.
Studies investigating anatomical variations during treatment found atelectasis changes in
10% to 30% of all NSCLC patients3,5,6 .
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Resolution of atelectasis, in the case of full re-aeration of whole lobe collapse, appears
in CT scans as a change from a uniform, high-intensity consolidated volume to a larger,
lower-intensity region of normal parenchyma. This can produce large geometric changes in
treatment anatomy which can cause baseline shifts in tumor position3,6 . These large geometric changes impact dose to the target and critical structures and cannot be handled by
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treatment margins, instead requiring plan adaptation3 . Anatomical variations have been
shown to have a greater impact on target dose than either respiratory motion or baseline
shifts (e.g. setup errors), highlighting the potential need for adaptive radiotherapy in patients with atelectasis changes7 .

Little has been reported about the characteristics of atelectasis changes during radiother60

apy, partly due to a lack of diagnostic-quality imaging during treatment. The aforementioned
studies relied on followup CTs taken months or years after treatment2,4 or cone-beam CT
scans which have relatively poor contrast resolution and electron density inaccuracies3,5,6
which make clear identification of the atelectatic regions challenging. The purpose of this
study is to quantitatively characterize mass and density changes of obstructive lobar atelec-

65

tasis during treatment in NSCLC patients using weekly helical CTs and to investigate the
dosimetric impact of such changes on normal tissue structures in lieu of adaptive replanning.
It is anticipated that studying these mass changes will provide a better understanding of
how atelectasis resolution impacts dose calculation and image registration in a sizable subset
of NSCLC patients.
4
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II.

MATERIALS AND METHODS

A.

Data Acquisition

Pairs of baseline and mid-treatment computed tomography (CT) scans for eighteen patients were acquired on a CT simulator (Philips Brilliance Big Bore, Fitchburg, WI) under
IRB-approved protocols. The baseline scan was taken at or near the time of simulation, and
75

the mid-treatment scan was taken during the course of radiotherapy, with a mean (stdev) of
46 (12) days between the two scans. Five patients (28%) underwent breath hold scans, while
the remainder (72%) had free breathing 4DCT acquisitions. Four of the five breath hold patients also had repeat scans taken during each weekly session, making available three images
at all time points. For all but four patients, the planning CT was used as the baseline scan.
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The remaining four patients had 4DCT planning images, but breath hold mid-treatment
imaging. For consistency, a breath hold image acquired close to the time of planning CT
acquisition was used as the baseline scan. The 50% phase (end-of-expiration) of each 4D
image was selected for use in this study as it is considered to have minimum tissue motion
and therefore likely to have the least sorting and motion artifacts. Both images of every
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pair were of the same scan type. Voxel size ranged from 1.17 x 1.17 x 2 mm3 to 1.37 x 1.37
x 3 mm3 . Images of each pair had identical voxel size for all but 2 patients.
Tumor staging varied across patients between IB (5%), IIB (5%), IIIA (50%), and IIIB
(40%) with a mean (stdev) baseline tumor volume of 109.6 (89.2) ml across patients. Tumor
locations were as follows: left upper lobe (LUL) (17%), left lower lobe (LLL) (22%), right
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upper lobe (RUL) (22%), right middle lobe (RML) (6%), and right lower lobe (RLL) (50%).
Treatment technique varied between 3D conformal and IMRT for the study cohort. Dose
was delivered with conventional fractionation of 1.8 - 2.0 Gy per fraction, with mean (stdev)
prescription dose of 63.2 (5.0) Gy. Initial collapse type was scored based on whether the
whole lobe (WL) (56%) or part of the lobe (PL) (44%), aside from tumor, was considered
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to be atelectatic. Patients had a mean (stdev) baseline atelectasis volume of 232.42 (181.55)
ml. 17% of patients experienced collapse in the LUL, 17% in the LLL, 17% in the RUL,
11% in the RML, and 50% in the RLL. For some patients, the tumor and/or atelectasis was
present in multiple lung lobes.
5

B.

Atelectasis Classification
Subjects were classified according to resolution of atelectatic tissue from baseline to fol-
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lowup. Classification was based on the change in atelectasis volume: greater than 80%
volume reduction was labeled as full (22%), between 80% and 20% volume reduction was
labeled as partial (50%), and a decrease in volume less than either 20% or 15 ml was labeled
as no resolution (28%).
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C.

Lobe Segmentation
Accurate delineation of the boundary of atelectasis can be challenging, particularly in

cases where the atelectasis may be partially resolved. In addition to contouring the atelectasis directly, individual lung lobes were delineated to reduce the impact of delineation error
since the lobe boundaries are generally more clearly defined. All fives lobes (right upper,
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right middle, right lower, left upper, and left lower) were delineated by individuals (NJ, LR)
trained by an experienced radiation oncologist (EW) using a commercial radiation oncology
software suite (MIM Maestro v6.6.4, Cleveland, OH). All delineations were reviewed by the
same oncologist for accuracy and consistency. The tumor, atelectasis, and all five lung lobes
were contoured in each image. For patients with repeat scans during each weekly session,
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the contours for each scan were drawn independently.
Contours were converted to binary masks from which the tumor was removed, as tumor
regression is known to occur and is not the focus of the study. To remove non-lung tissue
inadvertently included in the lobe delineations, a combined lung binary mask was created
which was then eroded by 1 voxel in all dimensions a total of two times. Eroded lobe masks
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were obtained by taking the union of the original lobe mask and the eroded combined lung
mask, effectively eroding the individual lobe from only the exterior of the lung. An example
of eroded lobe masks for one subject is shown in Figure 1.

D.

Mass and Density Calculation
Images were preprocessed to enable mass and density calculation. Variability in scanner
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performance over time was removed by linearly calibrating the images according to the
average intensities of air outside the body and blood in the descending aorta, as described
6

FIG. 1. Lobe segmentation example. Lobe labels for patient 6 are shown for (a) baseline, where
the lower right lobe (blue) is fully collapsed, and (b) followup lobes, where the right lower lobe
has fully re-aerated revealing healthy lung parenchyma and vessel structures. The right lower
lobe expands to fill the anterior pleural cavity, pushing the right middle lobe (cyan) posterior to
the shown coronal slice. Back-to-back 3D erosions of 1 voxel from the exterior of the lungs were
performed to exclude extra-pleural tissue. The gross tumor volume has also been removed from
the lobe masks.

by Staring et al.8 . The voxel values of calibrated images were then in units of relative physical
density, with air at approximately 0 mg/cc and blood at about 1050 mg/cc. Relative density
was calculated by averaging calibrated voxel values in the region of interest, while relative
130

mass was obtained by summing the product of voxel intensity and voxel volume throughout
the region of interest. Relative mass and density change from baseline to mid-treatment was
calculated for all lobes of each patient. For the four patients with repeat weekly scans, each
scan at the baseline time point was paired with a scan of the followup time point forming
three image pairs per patient for which mass and density changes were calculated.
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E.

Treatment Planning
Clinical treatment plans created with Philips Pinnacle treatment planning system (TPS)

(Philips Radiation Oncology Systems, Fitchburg, WI) were available for all patients. To
investigate the dosimetric impact of atelectasis re-aeration, dose was calculated on both
7

the baseline and mid-treatment scans using the exact clinical treatment parameters (beam
140

angles, beam weights, MLC segments, etc.). In cases where the baseline image was not the
clinical planning CT, the treatment plan was first transferred to the baseline scan via rigid
registration of bony anatomy using the image fusion tools of MIM.

1.

Mid-treatment Alignment
Two methods were used to align the baseline plan to the mid-treatment image in order
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to simulate different methods of daily patient setup. In method one (bone-aligned), the
mid-treatment image was rigidly registered to the baseline scan based on bony anatomy,
and the resulting fusion was adjusted with box-based alignment of a region covering the
sternum and spine. In the second method (carina-aligned), the default whole-body fusion
was performed again, but with subsequent manual translational adjustment to align the
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carina region, mimicking carina-based volumetric image-guided setup.

2.

Dosimetric Evaluation
Using the clinical beams (weights, apertures, and angles) and monitor units, dose was

calculated and evaluated for the baseline plan, the bony-aligned mid-treatment plan, and
the carina-aligned mid-treatment plan. It is important to note that this method assumes
155

atelectasis resolution occurs before the first treatment fraction and represents a worst-case
estimate of dose changes. To quantify the dosimetric differences in plan quality, a combination of RTOG 0617 and in-house normal tissue constraints were evaluated (see Table I for
the complete list). Lungs were defined in three different ways: all lung tissue, lung tissue
without gross tumor volume (GTV), and lung tissue without clinical target volume (CTV)
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in order to manage the effect of tumor regression on dose change assessment. The lung and
GTV delineations were made on each scan separately. The CTV was rigidly transferred
from the clinical planning image to baseline and followup scans after image alignment was
performed. Inclusion of lungs and tumor together is expected to minimize the influence of
tumor regression on dose changes, while removal of the GTV and CTV from the lung is
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expected to incorporate this effect.
8

F.

Analysis
Analyses were performed with R 3.2.1? . To determine if mass and density changes dif-

fered between healthy lobes (contralateral and pathology-free ipsilateral) and atelectatic
lobes, a Wilcoxon rank sum test was used. An F-test was used to determine if variance in
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dose changes was significantly different between patients showing no resolution and those experiencing partial or full resolution. All tests used a 0.95 confidence level and were unpaired
and two-sided. Additionally, mean and standard deviation of all changes were calculated.

III.

RESULTS

A.

Mass Change
Changes in lobe mass from baseline to followup, as a percentage of the baseline value, are
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shown in Figure 2. The mean (stdev) of mass change for all healthy contralateral (n=41) and
healthy ipsilateral (n=29) lobes was -3.7% (12.2%) and 0.0% (23.0%), respectively. There
was no significant difference between the two healthy lobe groups (p=1). For atelectatic
lobes, changes of -2.8% (36.6%), -24.4% (33.0%), and -9.2% (17.5%) were found for full res180

olution (n=4), partial resolution (n=9), and no resolution (n=5) cases, respectively. Mass
change was not significantly different from healthy lobes for full resolution (p=0.9) or no
resolution (p=0.4) lobes. However, partial resolution mass change showed significant difference from that of healthy lobes (p=0.005). For patients with multiple scans per session,
intra-patient standard deviation of mass change taken across the three image pairs was 4.7%

185

for healthy lobes and 3.5% for atelectatic lobes, on average.

B.

Density Change
Changes in lobe density are shown in Figure 3. Lobes containing atelectasis experienced

changes in density, from baseline to followup, of -66.0% (6.5%), -25.6% (13.6%), and 17.0% (21.1%) for full, partial, and no resolution, respectively. Density changes for healthy
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ipsilateral and contralateral lobes were -3.5% (23.3%) and -5.2% (12.0%), respectively. There
was no significant difference in density change between healthy ipsilateral and contralateral
(p=0.9) or between no resolution and healthy lobes (p=0.3). Significant differences were
9

FIG. 2. Box plots of percent change in relative mass from baseline to followup are shown for
atelectatic lobes (left), healthy ipsilateral lobes (center), and contralateral lobes (right). Lobes
containing atelectasis are subdivided by resolution type.

present between full resolution and healthy lobes (p=0.0008) and partial resolution and
healthy lobes (p=0.0006). Among the four patients with multiple image pairs, average
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intra-patient standard deviation of density change was 3.5% for healthy lobes and 0.6% for
atelectatic lobes.

C.

Volume Change
Changes in lobe volume are shown in Figure 4. Lobes containing atelectasis experi-

enced changes in volume, from baseline to followup, of +206% (167%), +22.5% (79.1%),
200

and +14.1% (29.5%) for full, partial, and no resolution, respectively. Volume changes for
healthy ipsilateral and contralateral lobes were +8.6% (33.1%) and +3.7% (21.6%), respectively. There was no significant difference in volume change between healthy ipsilateral and
contralateral (p=0.8), between no resolution and healthy lobes (p=0.5), or between partial
resolution and healthy lobes (p=0.8). A significant difference in mean volume change was
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present between full resolution and healthy lobes (p=0.001).
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FIG. 3. Box plots of percent change in relative density from baseline to followup are shown for
atelectatic lobes (left), healthy ipsilateral lobes (center), and contralateral lobes (right). Lobes
containing atelectasis are subdivided by resolution type.

FIG. 4. Box plots of percent change in relative volume from baseline to followup are shown for
atelectatic lobes (left), healthy ipsilateral lobes (center), and contralateral lobes (right). Lobes
containing atelectasis are subdivided by resolution type.
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D.

Organ at Risk Dose
Dose and volume changes from baseline to followup were analyzed across all patients

using available treatment plans. Changes in dose constraint metrics are shown in Table I.
While mean dose changes were less than the typical dose per fraction of 2 Gy, very large
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dose and volume changes occurred for a subset of patients. In particular, dose increases
from baseline to followup of up to 10.93 Gy, 7.92 Gy, and 5.69 Gy were found for maximum
spinal cord dose, mean esophagus dose, and mean lung - GTV dose, respectively, when the
subject was aligned via bone. Maximum changes were slightly reduced for carina alignment.
Histograms of changes found for each dose metric are shown in Figure 5 for both followup
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alignments. Across all patients, the percentage of changes exceeding 1 Gy/1%, 2 Gy/2%,
5 Gy/5%, and 10 Gy/10% were 63%, 38%, 12%, and 2%, respectively, for bone alignment
and 62%, 28%, 5%, and 1% for carina alignment. The number of patients with at least one
change larger than 5 Gy/5% was 44% for bone alignment and 22% for carina alignment.
Change in constraint metric value relative to baseline value was assessed in relation to
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atelectasis resolution type. The mean (stdev) relative changes in metrics across all patients
for full, partial, and no resolution were 7.9% (18.6%), 18.6% (63.2%), and 1.9% (11.5%) for
bone alignment, respectively. Deviations were similar for carina alignment with mean (stdev)
relative changes of 13.0% (19.1%), 5.5% (27.8%), and -1.0% (10.6%) for full, partial, and
no resolution, respectively. There was a significant difference between variances of changes
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between patients experiencing some degree of resolution (full or partial) and those showing
no change in atelectasis for both alignments (p0.05).
Table II lists dose constraints investigated along with the number of plans meeting the
constraints for each plan type. Also shown is the number of metrics changing from being met
in baseline to unmet in followup and vice-versa. For bone-aligned followup plans, 4 subjects
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had at least one OAR metric improve, e.g. change from being unmet in baseline to being
met in followup, and 7 subjects had at least one metric worsen. With carina alignment,
4 subjects had at least one metric improve and 6 subjects had at least one metric worsen,
though some patients differed between the two groups. It should be noted that lungs were
defined to include atelectasis in this study, whereas lung delineations of the original clinical
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treatment plans excluded atelectatic tissue, explaining the lack of baseline plans meeting
lung constraints.
12

TABLE I. Dose Constraint Metric Changes
Bone Aligned

Carina Aligned

Mean Stdev Min Max

Mean Stdev Min Max

Structure

Metric

Units

Spinal Cord

Dmax

Gy

0.67

2.99 -2.78 10.93

0.14

1.80 -2.94 4.29

Esophagus

Dmean

Gy

0.99

2.69 -3.72 7.92

0.77

2.95 -4.56 7.07

Heart

V40

% Vol

1.64

5.64 -16.15 9.72

1.59

3.62 -10.51 6.28

Heart

V60

% Vol

0.96

2.14 -2.87 4.38

0.83

1.59 -3.58 2.64

Lungs

Dmean

Gy

0.50

2.05 -2.89 5.69

0.06

1.71 -3.35 4.56

Lungs

V20

% Vol

1.17

3.42 -3.22 11.31

0.28

2.56 -4.15 6.55

Lungs

V30

% Vol

0.87

2.86 -3.59 6.44

0.19

2.55 -4.22 6.97

Lungs-CTV

Dmean

Gy

0.61

1.72 -1.80 5.61

0.18

1.31 -1.87 4.02

Lungs-CTV

V20

% Vol

1.40

3.14 -2.87 11.43

0.49

2.15 -2.99 5.86

Lungs-CTV

V30

% Vol

1.11

2.41 -2.66 6.42

0.41

2.04 -2.94 6.17

Lungs-GTV

Dmean

Gy

0.99

2.23 -1.70 5.94

0.55

2.09 -1.83 7.39

Lungs-GTV

V20

% Vol

1.90

3.59 -2.72 11.35

1.00

3.09 -2.83 10.56

Lungs-GTV

V30

% Vol

1.65

3.24 -2.50 9.35

0.97

3.19 -2.77 11.34

Shown are changes in dose metrics from baseline to followup for bone and carina followup
alignments. Mean and standard deviation were taken over all subjects. Also shown are the
largest increases and decreases in metric values experienced by any subject

Figure 6 illustrates how atelectasis resolution had varying impact on changes seen in lung
dose metrics. For patient 5, full resolution of atelectasis occurred which, in combination
with significant tumor regression, caused lung to expand and normal tissue to fall into the
240

high dose region near the target. This resulted in increased dose to healthy lung and changes
in lung metrics from baseline. Patient 12 also experienced full resolution of atelectasis. In
this case, however, the atelectatic tissue was located mostly outside the high dose region
and thus did not cause a large increase in healthy tissue dose. For reference, atelectatic lobe
mass and density changes were, respectively, -29.4% and -59.9% for patient 5 and -39.1%
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and -64.7% for patient 12.
13

FIG. 5. Histograms of change in dose and volume metrics from baseline to followup are shown for
bone and carina alignment for all evaluated dose constraints. Bin widths were set to 1 Gy for dose
metrics and 2% for volume constraints. The red dashed box surrounds heart constraints, while the
blue dotted box encompasses lung constraints.

E.

GTV Coverage

Changes in GTV coverage were investigated in addition to OAR dose changes. Dose
variation to GTV was analyzed rather than CTV, as it is not clear if the mid-treatment
CTV should be constructed by re-expansion of the GTV or by tracking the movement of
250

tissue within the CTV region.9,10 Mean (stdev) of changes in volume of GTV receiving at
least the prescription dose, VRx , were -5.5% (13.5%) and -5.3% (15.5%) for bone and carina
alignments, respectively, and are reported in units of % GTV volume. VRx changes ranged
from -44.31% to +6.6% for bone alignment and from -57.3% to +10.3% for carina alignment.
Due to the variation in prescription dose among patients of this study, the following dose
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changes are reported in units of % prescription dose. The mean (stdev) change in maximum
GTV dose was 2.5% (4.2%) and ranged from -2.9% to +13.9% for bone alignment and was
2.3% (3.8%) and ranged from -2.1% to +13.3% for carina alignment. Similarly, mean (stdev)
14

FIG. 6. Dose distributions for two subjects, patient 5 (top) and patient 12 (bottom), are shown
for baseline (left) and bone-aligned followup (right). Contours are shown for the lobe experiencing
atelectasis resolution (blue) and the GTV (red). Dose is displayed as a percentage of prescription
dose, 66 Gy for patient 5 and 58 Gy for patient 12. While both subjects experienced full resolution
of whole lobe collapse, patient 5 had large dose changes while patient 12 showed modest differences
due to the majority of atelectasis being a greater distance from the high dose region.
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TABLE II. Dose Constraints
No. Plans Meeting Constraint

No. Improved

No. Worsened

Structure Metric Limit

BL

FUBone

FUCarina

FUBone FUCarina FUBone FUCarina

Spinal Cord Dmax 50.5 Gy

17

17

17

0

0

0

0

Esophagus Dmean 34 Gy

12

12

10

0

0

0

2

Heart

V40

50 %

17

16

16

0

0

1

1

Heart

V60

30 %

17

17

17

0

0

0

0

Dmean 20 Gy

7

10

10

3

3

0

0

Lungs
Lungs

V20

30 %

6

5

7

0

1

1

0

Lungs

V30

20 %

4

3

3

0

0

1

1

Lungs-CTV Dmean 20 Gy

15

12

12

0

0

3

3

Lungs-CTV

V20

30 %

12

10

11

1

1

3

2

Lungs-CTV

V30

20 %

7

7

7

1

1

1

1

Lungs-GTV Dmean 20 Gy

9

10

10

1

1

0

0

Lungs-GTV

V20

30 %

7

6

8

0

1

1

0

Lungs-GTV

V30

20 %

4

3

3

0

0

1

1

Dosimetric constraints used to evaluate dose changes are shown along with the number of plans
out of eighteen total meeting each constraint in baseline, bone-aligned followup, and
carina-aligned followup. Volume constraints are given in units of % structure volume. A
constraint is defined as Improved if its limit was unmet in baseline and became met in followup,
whereas Worsened signifies a constraint which was met in baseline but was unmet in followup.

change in minimum GTV dose was 0.8% (8.9%) and ranged from -19.3% to +19.0% for bone
alignment and was 0.2% (9.0%) and ranged from -17.1% to +19.5% for carina alignment.
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Tumor regression typically occurs during radiotherapy and can have an impact on target
coverage. For reference, the mean (stdev) of GTV volume reduction at the time of the
mid-treatment imaging was 39.2% (26.7%) for the patients of this study.

IV.

DISCUSSION

This work has investigated mass, density, and OAR dose changes in radiotherapy subjects
265

with obstructive lobar atelectasis using baseline and mid-treatment fan-beam CT scans.
16

For a subset of patients, some dose constraints were unmet by the baseline plan. As
described in Section III D, the large number of unmet baseline lung constraints was likely
due to the difference in lung delineations between this study, which included atelectatic tissue
as part of the lung, and clinical treatment planning, where collapsed lung is excluded. Five
270

patients exceeded the mean esophagus dose limit in their baseline plans, though this was
not surprising as the esophagus dose limit is a soft constraint which is sometimes exceeded
when necessary to obtain adequate target coverage.
Predicting dosimetric change for a particular patient is challenging due to the multifactorial nature including amount and location of atelectasis at baseline, amount and shape of
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atelectasis resolution, location of organs at risk relative to target position, etc. For example,
the largest of all dose changes occurred in a patient with partial resolution (mean esophagus
dose increase > 7 Gy), due to location of the esophagus relative to high dose gradients. Thus,
the goal of the dosimetric portion of this study was to investigate the range and magnitude
of such changes, on average, rather than try to predict the amount of dosimetric change for
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particular groups.
Mid-treatment alignment based on carina, rather than bone, in the presence of atelectasis
resolution causes less dose differences and slightly more dose constraints to improve during
followup compared to their baseline status. Yet in both cases, while not always causing
metrics to exceed clinical limits, large max and min differences from baseline occurred in
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lung dose/volume metrics. Heart V40 showed a maximum increase of over 9% for bone
alignment and was only slightly reduced to 6% when the subject was aligned via carina.
While dose changes from baseline to followup were small when averaged across patients,
a few subjects experienced large dose increases to critical structures from the intended
dose/volumes of the baseline plan. Maximum dose to spinal cord varied substantially with
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a standard deviation across patients of 3 Gy for bone alignment. Likewise, mean dose to
the esophagus had large variations across patients, with standard deviations of about 2.7
Gy for both alignment methods. Mean lung dose was expected to be relatively insensitive
to changes in dose distribution yet increased in some subjects by over 4 - 7 Gy, depending
on the lung definition. A high percentage of constraints were violated, and these unmet
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limits were spread over all patients rather than just a small subset, highlighting the need
for adaptive planning.
Lung tissue was defined in three ways for the purposes of constraint evaluation. Inclusion
17

of all lung tissue and tumor within the lung borders minimized the effects of tumor regression.
Removal of the GTV from lungs assessed dose to tissue appearing as healthy lung in a CT
300

image. Defining the lungs in this way included tissue adjacent to the tumor volume, which
received high dose. RTOG 0617 evaluates lung constraints on the lungs minus CTV. By
doing so, dose intended to be delivered to microscopic disease extension was excluded, leaving
only healthy lung tissue where no dose was desired.
The constraint metric changes reported in table I were consistent with the various lung
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definitions. Lungs-GTV had the largest changes, reflective of the tumor regression which
had occurred between baseline and followup. As the tumor shrunk, an increased volume of
lung tissue was included in the high-dose region increasing the difference from baseline lung
metrics. The smallest differences between baseline and followup resulted from the Lung and
Lung-CTV definitions since these included parenchyma that were at a greater distance from
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the high dose region.
Relative mass and density changes were calculated on a lobe-by-lobe basis in order to
reduce delineation uncertainty, as lobe fissures were more easily discerned. Healthy lobes
and lobes which showed expansion or no change in atelectasis did not have significant mass
change. Lobes with partial resolution of atelectasis by the mid-treatment time point showed,
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on average, a decrease in mass. When full resolution of atelectasis occurred, mixed results
were observed where some patients had increase in mass and others had decrease in mass, yet
the mass change on average showed only a slight decrease of 2.8%. Lack of clarity in results
for full resolution lobes is likely a consequence of limited numbers experiencing complete
resolution of atelectasis (n=4 for full resolution).
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Given that resolution of atelectasis occurs through reaeration of collapsed lung tissue,
we hypothesized that no mass change would occur during atelectasis resolution. Partial
resolution results reported here demonstrate that there is reduction in overall lobe mass as
the lobe transitions from a consolidated collapsed state back to healthy parenchyma. One
possible explanation for decrease in mass is the additional presence of edema and/or infiltrate
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in atelectatic lung, which may resolve following re-aeration. Density change results were in
alignment with expectations. Healthy lobes and those experiencing no change in atelectasis
showed no significant changes in tissue density. Atelectatic lobes had decreases in density
proportional to the degree of re-aeration, with full resolution lobes showing larger density
decreases than partially resolving lobes. Although not statistically significant, median mass
18
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and density changes for healthy lobes were less than zero and warrant further investigation.
Calculation of the cumulative dose requires deformable image registration which is challenged
by large geometric changes, particularly when accompanied by mass and density variations
such as those observed in this study. Understanding mass and density changes of atelectasis
can help design new registration algorithms geared more towards accurate modeling and
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registration of these changes.
Previous studies have investigated the impact of atelectasis resolution on dose but with
conflicting conclusions. One study implementing a traffic light protocol system to catch large
setup errors on a per-fraction basis found 6% of lung cancer patients experienced atelectasis
resolution; all were flagged by the protocol, and 75% were severe enough to require inspec-
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tion by an oncologist6 . Another investigation into dosimetric impact of atelectasis resolution
and tumor regression found both changes to have minimal effect on dose yet stated that replanning may be necessary11 . However, their study only investigated tissue density changes,
ignoring geometry changes, which likely explains the difference in results compared to the
current work. Additionally, a study into the benefits of adaptive radiotherapy estimated
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that 30% of their subjects with atelectasis would gain no benefit from plan adaptation3 .
Despite the differences in conclusions, the degree of atelectasis resolution among patient
cohorts was similar to previous inquiries. Møller3 reported 110 ml median atelectasis volume change, whereas the subjects in this study had average and median atelectasis volume
reductions of 144 ml and 73 ml, respectively. The study by Grams et al.11 simulated atelec-
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tasis resolution by replacing atelectatic tissue with intensities of lung parenchyma to create
pseudo CT images on which dose was evaluated. The authors acknowledge that this would
not realistically simulate re-aeration as such changes are usually accompanied by surrounding tissue deformation. Our study addressed this limitation by calculating dose on actual
mid-treatment images. Not only were tissue heterogeneities taken into account, but also real
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tissue deformations and displacements were present. The analysis by Møller et al.3 also relied on pseudo CT images for dose investigation and did not evaluate dose metrics for OARs.
By using clinically-relevant dose/volume metrics, the critical structure dose investigation of
the current study provided an accurate assessment of the dosimetric impact of atelectasis
resolution.
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The dose change analysis presented in this study assumes the observed tissue changes
occur prior to the start of treatment and remain through the entire treatment course. This
19

dose calculation method provides a worst-case scenario of dose change and overestimates
dose differences when atelectasis resolution occurs later in the treatment course. A more
precise measure of dosimetric change would involve deformable registration of more frequent
365

imaging and accumulation of the dose; however, this is challenging due to the inaccuracy
of registration in presence of large changes. Random inter-fraction variations may reduce
and/or increase dosimetric changes, and their combined effect may wash out over the full
duration of treatment. A major limitation of the study was small patient number due to the
limited number of NSCLC patients presenting with atelectasis and having repeat CT scans.
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Contour delineation variability, another important concern, was minimized by delineation of
lung lobes rather than the atelectasis directly and through the use of a single observer when
possible. Lobe fissures are relatively easy to identify, whereas determining correspondences
between sub-volumes of a lobe is challenging at best and becomes nearly impossible when
partial lobar atelectasis is present. While several individuals provided assistance with organ
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delineation, a single, experienced radiation oncologist reviewed all contours and altered them
when necessary. The small deviations of mass and density changes across repeat image
pairs suggests delineation variability had a negligible impact on our results. Differentiating
tumor from atelectasis was also challenging for a subset of patients, as little to no contrast
differences were visible in the CT scans. Clinical GTV contours, which utilized positron
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emission tomography to assist in GTV delineation, were used as a guide to minimize this
uncertainty.

V.

CONCLUSIONS
Mass and density of lung parenchyma appeared to decrease on average by mid-treatment

regardless of the degree to which atelectasis resolved. Re-aeration of collapsed lung had an
385

impact on normal tissue dose due to mass and density changes, with up to 44% of patients
having 5 Gy/5% or larger variations in at least one clinical dose constraint metric.
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Appendix IV

Mask erosion sensitivity analysis in relation to mass and density calculations for all
patients showing mean density change versus number of erosions (top), percentage change in
density resulting from the previous erosion (middle), and percentage change in density from
original density resulting from all erosion up to the specified erosion number (bottom). For
patients with repeat imaging, only the first image pair was used for the erosion analysis. The
results suggest that 3 erosions provide optimal trade-off between exclusion of incorrectly
included extra-pleural tissue and correctly identified lung parenchyma.
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Patient 10
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Patient 11

Patient 12
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Patient 13

Patient 14
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Patient 15

Patient 16
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Patient 17

Patient 18
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Appendix V

Representative axial and coronal slices of eroded lobe label images overlaid onto the
corresponding CT scan are shown for all images of the patient cohort with each lobe assigned a
different color. Three 1-voxel erosions were performed from the exterior of the lungs to exclude
non-lung tissue and the gross tumor volume was also excluded from the masks. Lobe masks
which comprise the label images were used to define the regions within which mass, density, and
volume changes were calculated in the study of Appendix II. Patients 1 through 4 had three
repeat scans at every imaging session, providing three baseline and mid-treatment scans per
patient.
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Patient 1 Baseline 1

Patient 1 Baseline 2

Patient 1 Baseline 3
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Patient 1 Mid-treatment 1

Patient 1 Mid-treatment 2

Patient 1 Mid-treatment 3
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Patient 2 Baseline 1

Patient 2 Baseline 2

Patient 2 Baseline 3
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Patient 2 Mid-treatment 1

Patient 2 Mid-treatment 2

Patient 2 Mid-treatment 3
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Patient 3 Baseline 1

Patient 3 Baseline 2

Patient 3 Baseline 3
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Patient 3 Mid-treatment 1

Patient 3 Mid-treatment 2

Patient 3 Mid-treatment 3
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Patient 4 Baseline 1

Patient 4 Baseline 2

Patient 4 Baseline 3
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Patient 4 Mid-treatment 1

Patient 4 Mid-treatment 2

Patient 4 Mid-treatment 3
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Patient 5 Baseline

Patient 5 Mid-treatment
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Patient 6 Baseline

Patient 6 Mid-treatment
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Patient 7 Baseline

Patient 7 Mid-treatment

224

Patient 8 Baseline

Patient 8 Mid-treatment
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Patient 9 Baseline

Patient 9 Mid-treatment
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Patient 10

Baseline

Patient 10 Mid-treatment
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Patient 11

Baseline

Patient 11 Mid-treatment
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Patient 12

Baseline

Patient 12 Mid-treatment
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Patient 13

Baseline

Patient 13 Mid-treatment
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Patient 14

Baseline

Patient 14 Mid-treatment
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Patient 15

Baseline

Patient 15 Mid-treatment
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Patient 16

Baseline

Patient 16 Mid-treatment
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Patient 17

Baseline

Patient 17 Mid-treatment
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Patient 18

Baseline

Patient 18 Mid-treatment
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Appendix VI

Derivation of the SSRVD cost function gradient to enable implementation in the elastix
software package. Provisional testing of approximations to the metric prior to implementation in
elastix is also included.
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Sum of square volume difference measures
G. Hugo1 , G. Christensen2 , C. Guy1
1

1

VCU, 2 UIowa

Sum of squared tissue volume difference (SSTVD) cost

The sum of square tissue volume difference (SSTVD) cost is the sum of square
differences of the tissue volume at each location given by [1, 3] as
Z
1
2
[Vf (x) − Vm (h(x))] dx
CSST V D =
|Ω| Ω
2
Z 
1
If (x) + 1000
Im (h(x)) + 1000
=
vf (x)
− vm (h(x))
dx(1)
|Ω| Ω
1055
1055
I (x))+1000

I (x)−HU

air
= HUftissue −HU
, and Ω is the image region. The volume of
where f 1055
air
a voxel in the moving image varies with the transformation h(x). The Jacobian
of the transformation estimates local volume change, so the moving image voxel
volume is evaluated as vm (h(x)) = vf (x)·|J(h(x))|, where |J| is the determinant
of the spatial Jacobian of the transformation at x.
The constant terms in (1) act to scale and offset the intensity. Similarly, the
fixed image voxel volume can be removed from the cost as it simply scales the
total cost. To simplify the derivation of the gradient of the cost below, we can
remove these factors, which results in the following cost
Z
1
2
CSST V D =
[If (x) − |J(h(x))|Im (h(x))] dx
(2)
|Ω| Ω

note that this cost is equivalent to that in [2].

2

Gradient of SSTVD cost

For use in gradient-based optimization, the gradient of the cost with respect
to the transformation parameters is required. The gradient of the cost function
with respect to the parameters1 , ∂C
∂φ , is
Z
∂C
2
∂G(h(x))
=
G(h(x))
(3)
∂φ
|Ω| Ω
∂φ
where G(h(x)) = If (x) − |J(h(x))|Im (h(x)), and
∂G(h(x))
∂|J| ∂Im (h(x))
= −Im (h(x)) ·
−
· |J(h(x))|
∂φ
∂φ
∂φ
1

See also Eq. (4) and Appendix in [2].

(4)

Jacobi’s formula states that




d
dA(t)
dA(t)
|A(t)| = tr adj(A(t))
= tr |A(t)| · A−1 (t) ·
dt
dt
dt


dA(t)
= |A(t)| · tr A−1 (t) ·
.
dt

(5)

Applying (5) to the first term of (4) gives


∂|J|
∂J(h(x))
−1
= −Im (h(x)) · |J(h(x))| · tr J (h(x)) ·
. (6)
−Im (h(x)) ·
∂φ
∂φ
The term ∂J(h(x))
can be expanded using the chain rule for differentiating
∂φ
compositions but will not be applied here as Elastix calculates this term directly
(see Table 1). To calculate the second term in (4), the partial derivative of the
moving image with respect to the parameters is
∂Im (h(x))
∂Im (h(x)) ∂h(x)
=
·
∂φ
∂h
∂φ
where

∂h(x)
∂φ

(7)

is simply the basis function evaluated at the location of the control

(h(x))
point xi , β(x − xi ). ∂Im∂x
is the derivative of the transformed moving image
with respect to the current transform, h(x), which can be computed by finite
differences.
The full gradient is given by
Z
∂C
−2
=
[If (x) − |J(h(x))|Im (h(x))] · |J(h(x))|·
∂φ
|Ω| Ω



∂J(h(x))
−1
Im (h(x)) · tr J (h(x)) ·
+
(8)
∂φ

∂Im (h(x)) ∂h(x)
·
∂h
∂φ

3

Comparison to Gorbunova derivation

From the Gorbunova derivation of SSTVD, we have the following cost function
gradient:
−2
∂C
=
∂aj |Ωf |

Z
Ωf

∂Im
+
∂y1



∂vec(J(x))
(If (x) − |J|Im (T (x))) |J|[ vec(J(x)−T )T
Im (T (x))
∂aj

∂T1 (x) ∂Im
+
∂y2
T (x) ∂aj

∂T2 (x) ∂Im
+
∂y3
T (x) ∂aj

∂T3 (x)
]
T (x) ∂aj
(9)

Only the following term in (9) differs from the gradient presented in (8):

vec(J(x)−T )T

∂vec(J(x))
∂aj

(10)

Writing out the terms in (10) in 3D, we have


−T T
J11 J12 J13


vec(J(x)−T )T = vec J21 J22 J23  
J31 J32 J33
 11 21 31 T
J J J
= vec J 12 J 22 J 32 
J 13 J 23 J 33
 11 T
J
J 12 
 13 
J 
 21 
J 
 22 

=
J 23 
J 
 31 
J 
 32 
J 
J 33
 11 12 13 21 22 23 31 32 33 
= J J J J J J J J J

And

(11)
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The value in (13) should be equivalent to the following if the two derivations
are identical:
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Expanding (14) results in
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Comparing (13) and (15) proves that the Gorbunova derivation is equivalent
to the one provided here, despite the difference in notation.

4

Sum of squared regional volume difference (SSRVD)
cost

SSTVD is based on the premise that intensity the of a voxel should vary due
to changes in the local transform such that mass is preserved as tissue volume
is altered. This accommodates changes induced by respiratory motion; however,
the mechanics of collapsed lung are not well understood even when mass is
preserved, and the transformation measured with image registration may only
be a coarse estimate of the underlying mechanical changes in tissue position and
appearance. In practice, lung lobe collapse results in a more uniform appearance
of parenchyma in the collapsed lobe, despite local transformations which may
be highly complex. Figure 1 illustrates typical appearance of lobes experiencing
atelectasis resolution.
The sum of squared regional volume difference (SSRVD) cost is an adaptation
of the SSTVD cost and allows fluctuations in tissue volume to be averaged
over the registration region Ω to better represent the clinical situation. In the

Fig. 1. Basic example of lobe re-aeration for two cases: (a) synthetic lobes of uniform
intensity and (b) actual patient lobes.

case of Figure 1 (a), if mass is fully preserved, the ratio of lobe volumes gives
a factor which properly scales intensity between the two lobes. In an actual
patient case such as the one shown in Figure 1 (b), the expanded lobe contains
vessels which are of similar intensity to the atelectasis. In addition to scaling the
parenchyma, the SSRVD cost will increase the cost-function intensity of large,
centrally-located vessels which are already of similar intensity to that of their
corresponding tissue within the atelectasis. While not perfect, SSRVD should
provide a better approximation of intensity changes in the case of atelectasis
re-aeration than SSRVD.
The SSRVD cost is given by:


2
Z 
Z
1
1
If (x) −
|J(h(x))|dx Im (h(x)) dx
(16)
CSSRV D =
|Ω| Ω
|Ω| Ω

5

Gradient of SSRVD cost

For use in gradient-based optimization, the gradient of the cost with respect
to the transformation parameters is required. The gradient of the cost function
with respect to the parameters, ∂C
∂φ , is
Z
∂C
2
∂G(h(x))
=
G(h(x))
(17)
∂φ
|Ω| Ω
∂φ
where
G(h(x)) = If (x) − K(h(x))Im (h(x))
(18)
and

1
K(h(x)) =
|Ω|

Z
|J(h(x))|dx

(19)

Ω

Therefore,
∂G(h(x))
∂K(h(x)) ∂Im (h(x))
= −Im (h(x)) ·
−
· K(h(x))
∂φ
∂φ
∂φ

(20)

and
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1
∂|J(h(x))|
=
dx
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(21)

Combining (7) and (21) with (20) gives
∂G(h(x))
=
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The full gradient is
∂C
=
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(23)

Provisional Implementations

To demonstrate the feasibility of a proposed region-averaged sum of squared
tissue volume differences (SSRVD) cost function prior to implementation within
Elastix, two registration methods which approximate the SSRVD cost are described below.
To approximate a registration using the cost function of equation 16, sequential SSD registrations will be performed. Following each registration, the moving
image intensity will be scaled and passed to the next registration. Two methods
are proposed.
6.1

Method 1: Naive Approach

The most basic way to achieve the scaling is to multiply the deformed moving
image by the average spatial Jacobian value in the region Ω and pass the scaled
image to the next registration as its moving image. By this technique, scaling
accumulates as more registrations are performed, and only the most recent transform is used to calculate the spatial Jacobian used for additional scaling after
each registration:


Z
1
Im,i+1 (x) = Is,i (x) =
|J(hi (x))|dx · Im,i (hi (x))
(24)
|Ω| Ω
This method is illustrated in Figure 2a. Once N registrations are complete,
the final transform can be obtained by composing the individual transforms in
the following manner:
hf inal (x) = h1 (h2 (...hN −1 (hN (x))...))

6.2

(25)

Method 2: Composition Approach

In the second method, the scaled deformed moving image is created by transforming the original moving image with the total transform up to that point.

Fig. 2. Methods for approximating SSRVD are shown. The moving image intensity is
scaled in various ways. a) The naive approach scales intensity of the deformed moving
image after each registration, passing the scaled result directly as the moving image
for the next registration. b) The composition approach deforms and scales the original
moving image after each registration using the total composed transform up to that
point for both deformation and calculation of the spatial Jacobian. The result is also
passed directly to the next registration. c) The final method creates the scaled image in
the same way as in b); however, the scaled image is propagated back to moving image
space before being passed to the next registration.

The Jacobian used for scaling is also calculated using the total transform. The
resulting scaled image is then passed as the new moving image for the next
registration. No initial transform is used at any point during the registration
schedule.

Im,i+1 (x) = Is,i (x) =

1
|Ω|

Z


|J(hi (hi−1 (...h2 (h1 x))...))|dx ·

Ω

(26)

Im,1 (hi (hi−1 (...h2 (h1 x))...))
This method is illustrated in Figure 2b. The final transform is obtained
through the following composition:
hf inal (x) = hN (hN −1 (...h2 (h1 (x))...))
6.3

(27)

Method 3: Inverse Approach

The final method involves calculation of inverse transforms. Each registration is
given the initial transform of the total composed transform up to that point in
the registration schedule:
h0,i (x) = hi−1 (...h2 (h1 (x))...)

(28)

Then, the scaled moving image is calculated as in Method 2.


Z
1
|J(htotal,i (x))|dx · Im,1 (htotal,i (x))
(29)
Is,i (x) =
|Ω| Ω
where, htotal,i , the total transform following registration i, is given by:
htotal,i = hi (hi−1 (...h2 (h1 (x)))...)

(30)

However, the scaled moving image is then deformed back to the original
moving image space before being passed as the new moving image for the next
registration. This requires calculation of the inverse of the total transform up to
that point.
Im,i+1 (y) = Is,i (h−1
total,i (x))
6.4

(31)

Comparison

To estimate the degree to which the provisional algorithm approximates the
full SSRVD method, the original SSTVD algorithm will also be approximated
in the same manner, i.e. sequential SSD registrations with scaling of deformed
moving intensity by the spatial Jacobian values. In this case, the spatial Jacobian
image is multiplied voxel-wise with the deformed moving image; no average is
taken. The performance of SSTVD and the provisional SSTVD method will be
compared. If the approximate SSTVD method is comparable to SSTVD, it can
be assumed that the approximate SSRVD is comparable to the unimplemented
SSRVD cost.

7

Elastix Implementations

Details of implementing the cost functions in Elastix are given in this section.
Table 1. Elastix Implementation Summary
Value
If (x)

Size
s

Variable
fixedImageValue

How to Obtain
threaded fiter.Value().m ImageValue

Im (h(x))

s

movingImageValue

EvaluateMovingImageAndDerivative(...)

|J(h(x))|

s

detJac

vnl det(spatialJacobianGetVnlMatrix)

∂Im (h(x))
∂h

3x3

movingImageDerivative

EvaluateMovingImageAndDerivative(...)

∂h(x)
∂φ

3xN

jacobian

TransformJacobian(...)

J(h(x))

3x3

spatialJac

GetSpatialJacobian(...)

J −1 (h(x))

3x3

inverseSpatialJacobian

spatialJac.GetInverse()

∂J(h(x))
∂φ

3x3x
N

jacobianOfSpatialJacobian

GetJacobianOfSpatialJacobian(...)

Shown are all values needed to calculate the cost and cost gradient for both SSVD
metrics. Specific details of the Elastix implementation are given for clarity.
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Appendix VII

Patient data provided as input to the registration algorithm in the tests of Chapter 5.
Baseline scan data (top row), mid-treatment scan data (middle row), and overlap of baseline and
mid-treatment are shown for CT scans (left column), lobe label images (center column), and
vesselness measure images (right column). Lobes in the label images were assigned one of three
values: 1 (green), 3 (brown), or 5 (red).
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Appendix VIII

Detailed registration results for all 18 patients of the study cohort. This section contains
the results of each registration including overlays of representative slices for each patient,
landmark error histograms, details of the registration performance per iteration, and analysis of
landmark error as a function of distance from pathology.
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